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Chapter 1

General Introduction

Imagine a situation where you are forced to stay and work from home for a long period
of time with minimal social interaction because of a viral pandemic. Now, imagine that
in order to prevent negative effects of this social isolation you decide to look for a new
hobby. Thus, you subscribe to an online piano tutorial, but the moment you log in, you find
yourself in a somewhat strange situation; instead of a human teacher, you are presented
with an artificial one that waves at you and says: “Ciao, I am Marco, and I will be your piano
teacher”. Before you know it, Marco starts explaining all the necessary first steps that will
make you the next Mozart: how to read musical notes and their corresponding piano keys.

Independent of what the first reaction to your artificial teacher was, one question really
matters for you: is an artificial agent effective for attaining your learning goals? This question
was the starting point of the current thesis.

The existing literature reports mixed findings with regard to the overall effect of artificial
pedagogical agents on learning (Castro-Alonso, Wong, Adesope & Paas, 2021; Heidig &
Clarebout, 2011; Martha, & Santoso, 2019; Schroeder, Adesope, & Gilbert, 2013). In the
introduction of this thesis, I will argue that such mixed effects about artificial agents’
effectiveness are found because the question is too broad to receive a simple answer.
Therefore, based on this argument, the overall goal of the current thesis is to examine
under which conditions and in which ways an artificial agent can facilitate learning. Our
fundamental claim is that an artificial agent that acts as a model can successfully do so.

In this chapter, I will start by discussing teaching and learning in both their traditional
and modern form, then, I will describe the emergence of artificial pedagogical agents and
present important gaps of knowledge in the research field of artificial pedagogical agents.
Lastly, I will present the research goals of the current thesis followed by an overview of the
next four chapters.



General Introduction

1.1 Teaching and learning

The term education has usually a broad meaning and it refers to both intentional (e.g.,
formal educational settings) and unintentional (e.g., watching television) teaching. For the
current thesis, it is important to consider what kind of endeavour is intentional teaching.
At first glance, the answer seems simple enough; one in which knowledge and skills are
transmitted to one or more students by a more educated person we use to call teacher.
A limitation of such an answer is that it does not take into consideration the concept of
learning. In fact, the instructional process always has two parties who are directly involved:
the teacher and the student. Within this process, the activity of a teacher is called teaching,
and the activity of students is called learning. It is this reciprocal relationship between these
two agents that is of paramount pedagogical importance and, despite the fact that they
have different roles, it is the activity they perform together that is of interest in teaching
(Kansanen, 1999). Indeed, these concepts are represented in a well-accepted definition of
teaching by Andersons and Burns (1989, pp. 8), who define teaching as “...an interpersonal,
interactive activity, typically involving verbal communication, which is undertaken for the
purpose of helping one or more students learn or change the ways in which they can or will
behave”.

The recognition that the student is an active creator of knowledge induced fundamental
changes in the role of the teacher. Traditionally, the teacher was considered the fountain of
all knowledge (see e.g., Sequeira, 2012). This suggests a picture of students sitting in rows
in front of the teacher who is talking and passing information to students with the aid of a
chalkboard, while the students either listen passively or take their own notes. However, in
recent times, teaching has been reconceived in light of modern ambitions and more insight
into the benefits of student-centered instruction (Cohen, 2011; Keiler, 2018). Thus, the
function of the teacher changed from a disseminator of information to that of a facilitator
of learning. That is, the teacher’s role has become to assist students to learn for themselves
(Moustafa, Ben-Zvi-Assaraf & Eshach, 2013).

1.2 The role of the teacher as a facilitator

Given the transformation of the teacher’s role from disseminator of information to
facilitator of learning, new questions inevitably arose within the educational community.
Two important questions, which are also the focal point of the current thesis, pertain to the
teacher’s instructional method and behavior and their effect on learning.

To start with, one question that arose is which teaching practices, other than the traditional
method of learning through books and lectures, can promote learning? Although this is a
broad question, important for the current thesis is that earlier research shows that learning
is generally more effective when it is based on experience (Kolb, 2014; Raja, 2018). That
is, when a learner can experience a concept it is more likely to be learned. Experiencing
a concept can happen either directly (e.g., experiencing something yourself) or indirectly
(observing someone else experience something).
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1.2 The role of the teacher as a facilitator

Observational learning (often called modeling) as an instructional method has received
increased attention over the recent decades. Modeling, which is an important element
of Banduras social cognitive theory (Bandura, 1986), refers to the fact that much of
our learning derives from vicarious experience. Thus, the concept of modeling refers to
learning by observing another person’s behavior (the so-called model). One of the principal
mechanisms by which modeling influences learning is by stimulating self-efficacy (Bandura,
1977). Self-efficacy is defined as one’s beliefs about his/her ability to perform specific tasks.
Observing someone else performing a target behavior raises individuals’ beliefs about their
own ability to perform it successfully (Bandura, 1986). A plethora of studies has confirmed
the positive impact of self-efficacy on learning outcomes, such as task performance (i.e.,
Agarwal, Sambamurthy, & Stair, 2000; Bouffard-Bouchard, 1990; Moos & Azevedo, 2009).

In the educational context, most research on observational learning has involved modeling
of psychomotor tasks (i.e., tasks that focus on the development of physical skills, such
as performing arts and sports; see Bloom, 1994). This type of modeling has been called
behavioral modeling. Nonetheless, a lot of educational research has demonstrated the
effectiveness of observational learning for purely cognitive tasks as well (i.e., tasks that
focus on the development of cognitive skills, such as mathematics; see Bloom,1994). This
alternative form of modeling is called cognitive modeling. Cognitive modeling is based
on a process of attending (or “listening”) to one’s thoughts as one performs an activity and
utilizes self-instructional thoughts to guide performance (Wouters, Pass & Merrienboer,
2008).

Another question that arose as a consequence of the transformation of the teacher’s role,
relates to whether and how teachers’ communication skills affect learning (Prozesky, 2000).
Communication can be both verbal (involving words and sentences) and nonverbal (e.g.,
through facial expression, spatial behavior gesture, and nonverbal vocalization). In the
current thesis, I will focus on the teachers’ nonverbal communication, as it has been found
to play a more important role for learning than verbal communication (Mehrabian, 1981;
Jones, 2017). Specifically, some forms of teachers’ nonverbal behavior have been found to
increase “nonverbal immediacy” (Andersen, 1979). The nonverbal immediacy concept
refers to the ability of teachers to create psychological closeness to their students through
nonverbal communication (Mehrabian, 1981). This concept is grounded in approach-
avoidance theory, which asserts that people “are drawn toward the person and things they
like, evaluate highly, and prefer; and they avoid or move away from things they dislike,
evaluate negatively, or do not prefer” (Mehrabian, 1981, p. 1). Several forms of nonverbal
behavior of teachers have been found to play a crucial role in student’s learning, such
as proximity, eye gaze, gestures, body position, facial and vocal expressiveness (Witt
& Wheeless, 2001). Cumulative evidence has revealed that human teachers’ nonverbal
immediacy behavior promotes affective learning as also cognitive learning (i.e., perceptions
of learning and recall) (Ellis, Carmon & Pike, 2016; Witt, Wheeless & Allen, 2004).

11



General Introduction

1.3 Technology as a medium

One important factor that helped the transformation of the teacher’s role as facilitator
of learning is the recent advancement of educational technology (Jan, 2017). Due to the
increased access to information and educational opportunities (i.e., distance learning) that
technology has enabled, in many classrooms today we see the teacher’s role shifting to the
“guide on the side” as students take more responsibility for their own learning. Schools and
universities across the globe are beginning to redesign learning spaces to enable this new
model of education, foster more interaction and small group work, and use technology as
an enabler.

1.4 An artificial agent as a teacher

Given the transformation of the teacher into the role of a facilitator of learning and the
increased availability and sophistication of educational technology in recent decades,
researchers started wondering: Can technology become the teacher itself (Mousavinasab et
al., 2021)? Such a question led to a new line of research, which examined, amongst other,
the use of pedagogical artificial agents in multimedia learning environments. Pedagogical
agents are defined as anthropomorph virtual characters to serve various instructional
functions (Valetsianos & Miller, 2008). To date, pedagogical artificial agents are becoming
more common as facilitators to training in educational settings, private institutions, and
the military.

The development of electronic pedagogical agents can be traced back to the 1970s’ Intelligent
Tutoring Systems (ITS). An ITS exhibits characteristics similar to a human tutor such that
it may be able to answer student questions, detect misconceptions, and provide feedback.
While the original ITS were abstract entities that focused on tutoring (i.e., SCOLAR tutor
system; Woolf, 2010), the next three decades saw advances in agent representation (i.e.,
visual embodiment) and interactive capabilities (Clarebout, Elen, Johnson & Shaw, 2002).
Over the years, ITS evolved into modern virtual characters that encompass complex visual
forms, are able to interact with learners using multiple channels of communication (e.g.,
text, speech, and deictic gestures), and are able to exhibit social skills and intelligence by
communicating with users on a broad range of issues that include not just the tutoring
topic, but also topics of broader interest.

The vision and role of agents in the learning ecology has also shifted during the last decades.
While ITS were initially seen as abstract intelligent systems able to assist learners cognitively
(e.g., by posing or answering questions relevant to student tasks), more recently, agents are
seen as inherently social artifacts (for a review, see, Heidig & Clarebout, 2011). In addition,
the field has expanded its scope in terms of roles that pedagogical agents might play in
learning environments. Such roles include tutors, coaches, and actors (Payr, 2003), experts,
motivators and mentors (Baylor & Kim, 2005), learning companions (Kim, Baylor, & Shen,
2007); change agents (Kim & Baylor, 2008), and lifelong learning partners (Chou, Chan, &
Lin, 2003).
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1.5 Knowledge gaps: What we need to know about artificial pedagogical agents

There are multiple reasons to employ pedagogical agents in multimedia learning
environments. One important reason is that a pedagogical agent may supplement face-to-
face learning by providing a low-cost accessible alternative to a human lecturer. Some of the
largest costs and time commitments have gone into video strategies used for Massive Open
Online Courses such as those featured on platforms like Coursera (Li, Kizilcec, Bailenson &
Ju, 2016). Development costs for such courses vary from $38,000 to $325,000 (Hollands &
Tirthali, 2014, p.12) with the largest expenses being videography and the hiring of teaching
assistants (Lewin, 2013).

Another reason for the inclusion of a pedagogical agent in online learning environments
is to improve consistency with which instruction is delivered. Such consistency might be
attained by keeping important agent characteristics consistent over teaching instances,
and using pedagogical agents makes this consistency possible. There is an array of such
characteristics that can impact the teaching process, and which might be different between
human instructors. Examples of these characteristics are instructor experience, confidence,
perceived credibility and his/her interaction with the learners and/or learning environment
(Swanson & Falkman, 1997). Pedagogical agents’ content delivery is predetermined and
programmed, making it well suited to address consistency concerns.

1.5 Knowledge gaps: What we need to know about artificial pedagogical agents

Despite artificial agents’ vast potential as educational tools, findings regarding their
effectiveness for learning are mixed. Meta-analyses revealed that artificial agents were
associated with a small but positive effect on learning (Castro-Alonso, Wong, Adesope &
Paas, 2021; Schroeder, Adesope, & Gilbert, 2013), while systematic reviews showed that
the majority of studies found nonsignificant effects (Heidig & Clarebout, 2011; Martha,
& Santoso, 2019). Empirical research on artificial agents generally falls into one of three
categories: (1) studies that focus on the simple presence of an agent; (2) studies that focus
on appearance or visible features; and (3) studies that focus on their behavior (Lane, 2016).
Despite voices echoing that artificial agents may be effective due to their pedagogy rather
than merely their appearance (e.g., Moreno, 2005), research on pedagogical behavior is
far less common than research on, for instance, the agent’s visible features. This is mainly
because, pedagogical behavior does not technically require an embodied agent (Lane, 2016).
As a consequence, there is a knowledge gap when it comes to the instructional method
that an artificial agent applies in the learning environment. Given that human teachers’
instructional method has been found to have tremendous impact on students’ learning
(i.e., Beas & Salanova, 2006), I argue that more research is warranted on artificial agents’
instructional method. I further claim that examining the instructional method employed
by an artificial agent can help clarifying why many studies found no effects while, to the
contrary, several other studies present positive effects.

As discussed above, artificial agents’ pedagogical behavior, such as the instructional method
they employ, does not technically require the visual presence of an artificial agent. Thus,
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General Introduction

a point of confusion concerns the debate about artificial agents’ visibility in multimedia
leaning settings. This debate mainly relates to whether it would be more effective if the
instructional design were presented by simpler means of communication rather than by
an embodied character (i.e., using simple arrows or color coding of key points rather than
having an artificial agent “point” to text or parts of instructional graphics) (i.e., see Choi &
Clark, 2006).

More, specifically, two competing perspectives exist in the literature on whether the visibility
of an artificial agent in multimedia settings hinders or augments learning. These have been
labelled as “agents-as-complements” versus “agents-as-distractors” (Frechette & Moreno,
2010). On the one hand, theories supporting the agents-as complements perspective, like
social presence theory (i.e., Hoyt, Blascovich & Swinth, 2003) and social agency theory
(i.e., Moreno, Mayer, Spires & Lester, 2001), argue in short that an agent’s visual presence
increases student motivation, which in turn leads to greater invested effort during learning
and more well-formed mental models of the taught concepts.

On the other hand, theories supporting the agents-as distractors perspective, like seductive
details (Mayer, 2001) and cognitive load theory (Sweller 2004; Sweller, Ayres, & Kalyuga,
2011), hold that the inclusion of an agent might hinder rather than foster learning. Moreno
et al. (2001) termed this “interference” and reasoned that the presence of the agent can
hamper learning, because “any additional material that is not necessary to make the lesson
interesting reduces effective working-memory capacity and, thereby, interferes with the core
material” (p. 186). Overall, these theories predict two types of adverse effects of the visual
presence of the agent: cognitive distractions (i.e., inability to pay attention and comprehend
learning content) and affective distractions (i.e., disruptive feelings leading to impediment
of learning goals) (Frechette & Moreno, 2010). Therefore, according to these theories, an
instructional design will be more successful when unnecessary or distracting elements (i.e.,
artificial agents) are removed from the presentation, thus freeing the learner’s cognitive
resources to process the content that is most central to learning (Moreno & Mayer, 2000).

Neither of these two sets of theories have been univocally supported by past research.
Rather, studies of the effect of an artificial agent on learners’ motivation (Carlotto & Jaques,
2016; Chen & Chou, 2015; Dinger & Doganay, 2017; Lin, Ginns, Wang & Zhang, 2020;
Park, 2015; van der Meij, van der Meij & Harmsen, 2015) as also studies on the effect of an
artificial agent on learners’ cognitive load (Dinger & Doganay, 2017; Frechette & Moreno,
2010; Moreno et al., 2001) show mixed and inconsistent findings.

Opverall, the existence of these opposing theories and principles, as well as the contradictory
empirical findings, demonstrate another crucial inconsistency that the field suffers from
and that restricts insights about the effectiveness of pedagogical agents’ ability to facilitate
learning in computer-based environments. We still need to find out whether pedagogical
agents’ visibility is an asset or a limitation for learning. I propose that for solving this second
inconsistency we need to have a closer look at the conditions under which an artificial agent’s
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1.6 Research goals

visual presence is relevant and, therefore, essential for goal achievement, or irrelevant and,
thus, unnecessary additive. As discussed below, I claim that we need to have a closer look
at Bloom’s taxonomy (1994) and distinguish between psychomotor tasks (i.e., that focus on
psychomotor learning) and cognitive tasks (i.e., that focus on cognitive learning). Overall,
I argue that this distinction helps explaining under which conditions pedagogical agents’
visibility constitutes a barrier to or a facilitator of learning.

A third gap of knowledge relates to the conditions that increase the effectiveness of an
artificial agent for learning. For this, a closer inspection of the behavior of human teachers
could be taken into consideration. As sketched above (Section 1.2), in traditional classroom
settings with human teachers, various nonverbal forms of teacher behavior have been
found to increase immediacy and, subsequently, learning (Ellis, Carmon & Pike, 2016;
Witt, Wheeless & Allen, 2004). Visual nonverbal forms of behavior of artificial agents, such
as the use of gestures and facial expressions, have received increasing attention over the
last years (Baylor & Kim, 2009). However, there is limited evidence on whether and, more
importantly, how artificial agents’ vocal nonverbal behavior (i.e., vocal expressiveness) can
influence learning outcomes. Given that it has been shown that it is mainly the artificial
agent’s voice that is responsible for increased learning gains rather than its visual presence
(Atkinson, 2002; Bente et al., 2008; Kramer & Bente, 2010), I claim that we need to pay more
attention to the effect of an artificial agent’s vocal expressiveness on learning outcomes and
to the underlying mechanisms that explain these effects.

1.6 Research goals

For more than two decades now, researchers could not ascertain whether pedagogical agents
can facilitate learning. As described above, findings of past studies often are contradicting.
I argue that in light of the great variety of artificial agents used in past studies, as also the
specific educational functions of these agents, this issue is too broad to receive a simple
answer.

Therefore, it is important to formulate more specific questions. In this spirit, a more fruitful
approach would be to ask under which conditions artificial agents can facilitate learning.
A crucial condition that been neglected by earlier research is the instructional method an
artificial agent applies in the multimedia learning environment (Heidig & Clarebout, 2011;
Schroeder & Gotch, 2015).

In more detail, past research suggested that pedagogical agents could make use of different
instructional roles, such as modeling/demonstrating, coaching/scaffolding and acting as
an information source (see Table 1 for a definition of these methods) (Schroeder & Gotch,
2015). Indeed, Schroeder and Gotch (2015), in their review, found that 36% of the agents
provided coaching or scaffolding, while 64% of agents acted as an information delivery
vehicle. Despite the fact that modeling has been found to be a very effective instructional
method with human models (i.e., Compeau, & Higgins, 1995a, 1995b), no studies were
identified using artificial agents as models (Schroeder & Gotch, 2015; Veletsianos & Russell,
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General Introduction

2014). To the best of my knowledge, there is still no empirical evidence on whether an
artificial agent as a model could facilitate learning.

The current research contributes to answering the question whether an artificial agent
could be effective for learning by examining the conditions for such effectiveness. Thus, the
overall goal of the current thesis is to examine under which conditions and in which ways
an artificial agent could facilitate learning.

Table 1 Agent’s instructional methods in a learning environment (taken from Schroeder & Gotch, 2015).

Agent’s instructional method Description

Modeling/demonstrating The agent physically accomplished some task,
thereby showing the learner how to success-
tully complete it (signaling the learner’s atten-
tion through gaze or gesture is not considered
demonstrating or modeling).

Coaching/scaffolding The agent may have some level of artificial in-
telligence in order to provide individualized
feedback or provides tips that are not part of
the instructional material but assist the stu-
dent in completing the task.

Information source The agent provides the learning material to
the students (i.e., narration).

In order to attain our overall goal, we broke it down into three sub-goals. The first sub-
goal of the current thesis is to answer the fundamental question of whether modeling by
an artificial agent is effective for learning. That is, the type of instructional method of the
artificial agent is one fundamental condition to consider.

Further, as discussed above, two competing perspectives exist in the literature on whether
the visibility of an artificial agent in multimedia settings hinders or augments learning.
(“agents-as-complements” versus “agents-as-distractors”). I argue that it is crucial to
investigate this issue further, because in contrast to modeling taking place in classrooms,
modeling taking place in multimedia settings can, indeed, occur without the actual visual
presence of a model. Therefore, the second sub-goal of the current thesis is to examine the
conditions under which the visual presence of the artificial model is beneficial for learning.
I claim that such a critical condition is the type of learning task being demonstrated by an
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artificial model. Modeling by human teachers has been found an effective instructional
method for both psychomotor tasks and also for purely cognitive tasks (i.e., Gist, 1989;
Gorrell & Capron,1990). Nonetheless, I claim that this is not the case for modeling by an
artificial agent. Specifically,  hypothesize that an artificial agent’s visual presence is beneficial
when the learning task to be modelled is psychomotor (i.e., behavioral modeling), because
it provides a prototype. However, I further argue that when it comes to modeling of a purely
cognitive task (i.e., cognitive modeling) this will be less the case. That is, purely cognitive
tasks entail actions that are not readily observable, and therefore I claim that the visual
presence of the artificial model is decorational (when modeling such tasks) and therefore
less beneficial.

After investigating the fundamental question of whether modeling by an artificial model
is effective, and whether the type of learning task is a decisive condition for the inclusion
of an artificial agent’s visual presence, a third sub-goal of the current thesis is to examine
the conditions that increase the effectiveness of an artificial agent as a model for learning.
Specifically, I argue that the effectiveness of an artificial agent as a model depends on
the nonverbal behavior that it appears to exhibit. That is, whether, similar to human
teachers, specific forms of nonverbal behavior of an artificial model can create immediacy
and, subsequently, increase learning. Furthermore, I examine whether the underlying
mechanisms of motivation and attention explain the effect of immediacy on learning.
Overall, the third sub-goal focuses on artificial agent’s vocal expressiveness (i.e., pitch
tone, pitch variation and speech rate) as a powerful form of nonverbal behavior that could
strengthen students’ learning outcomes.

1.7 Overview of the chapters

The current thesis analyses under what conditions and in which ways artificial agents
contribute to enhancing learning outcomes. Overall, six studies organized in three empirical
chapters were conducted to shed light on the topic of artificial agents as educational tools
in multimedia environments. These studies rest on the idea that artificial agents can act as
models in order to improve learning.

Specifically, the research question examined in Chapter 2 is whether modeling by an
artificial agent is an effective instructional method for learning. To answer this question,
we conducted two experimental studies, in which modeling by an artificial agent was
compared to other commonly used non-modeling instructional methods: a) agent-
delivered instructional narration (=agent as a source of information), b) no agent, text-only
instruction, and c¢) no agent, voice-only instructional narration. I expect that modeling by
an artificial agent is more effective than the other non-modeling methods in enhancing
learning-related beliefs (i.e., self-efficacy and technology ease of-use) as also learning
(declarative knowledge and task performance).

Next, the research question examined in Chapter 3 is whether the positive effects of
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modeling by an artificial agent on learning depends on the visual presence of the artificial
agent. Specifically, the first experimental study of Chapter 3 aims to examine effects of
the interaction between the on-screen visibility of an artificial model (presence vs. absence)
and type of task (psychomotor vs. cognitive) on learning outcomes (recall, affective beliefs,
and task performance). Further, in the second experimental study of Chapter 3, I aim to
extend these findings, by examining whether learners’ perceived cognitive load changes
depending on the match between the visibility of the artificial model and the type of task.
Overall, I posit that the visual presence of the artificial model facilitates learning outcomes
and reduces cognitive load for a psychomotor task, but it does not provide any additional
learning benefit for a cognitive task.

Then, the research question examined in Chapter 4 is whether and how an artificial models’
nonverbal behavior can increase learning outcomes (affective and cognitive learning). To
answer this question, I conducted two experimental studies, in which an artificial model
showing strong vocal expressiveness (i.e., higher pitch tone, more pitch variation, higher
speech rate) was compared to an artificial model that shows weak vocal expressiveness
(i.e., lower pitch tone, less pitch variation, lower speech rate). Overall, I posit that vocal
expressiveness of an artificial agent is related to learning outcomes because it promotes
immediacy. Furthermore, I expect that immediacy, in turn, increases students’ motivation
and attention and thereby subsequently facilitates learning.

Lastly, in Chapter 5, I discuss the main findings and contribution of the studies presented
in this thesis and identify general limitations and directions for future research. In addition,
I briefly address ethical considerations of using artificial agents as educational tools. Finally,
I present the General Conclusion of the thesis.
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Chapter 2

Effects of an artificial agent as a
behavioral model on motivational
and learning outcomes’

"This chapter is based on:

Fountoukidou, S., Ham, J., Matzat, U., & Midden, C. (2019). Effects of an artificial agent as a behavioral model on
motivational and learning outcomes. Computers in Human Behavior, 97, pp.84-93.

Fountoukidou, S., Ham, J., Matzat, U., & Midden, C. (2018). Using an artificial agent as a behavior model to promote
assistive technology acceptance. In Persuasive Technology - 13th International Conference, PERSUASIVE 2018,
Proceedings (pp. 285-296). (Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial
Intelligence and Lecture Notes in Bioinformatics); Vol. 10809 LNCS). Springer.
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2.1 General Introduction

In recent times, technology has been increasingly used in the pursuit of persuading peo-
ple towards various beneficial behaviors. Hence, persuasive technologies are defined as the
class of technologies, which are intentionally designed to alter or reinforce individuals’ psy-
chological attributes, (i.e., attitudes or motivations), which are further presumed to affect
behavior, through the use of various persuasive strategies (i.e., persuasive messages and
reminders) (Fogg, 2003). Such technologies are regularly used in various contexts, such
as marketing, education, and health-related contexts. Their overall potential in influenc-
ing psychological attributes and behaviors has been shown excessively in earlier research
(Hamari, Koivisto, & Pakkanen, 2014).

Though persuasive technology can take on different functional roles (i.e., as tools and me-
dia), it can exert a strong influence when it takes the form of a social actor (Ham & Midden,
2014). Artificial social agents -often on-screen animated characters-have been the target of
increasing interest due to their ability to simulate social interaction. Artificial agents have
been employed in various settings (Dehn & Van Mulken, 2000), with their anticipated pos-
itive impact to be attributed to their ability to provide social cues (Reeves & Nass, 1996).

Recently, a more specific line of research in the domain of education and learning drew
attention to the role of embedded artificial agents (so-called pedagogical agents) in multi-
media learning. Their inclusion represents an attempt to introduce more instructional sup-
port and persuasive elements in learning settings (Clark & Choi, 2005). However, contrary
to the purpose they are designed to serve, the general motivating or learning facilitating
effect of the embedded agents has been questioned. A recent literature review drew a dis-
couraging picture concerning the overall advantage of artificial agents for learning (Heidig
& Clarebout, 2011). This is, the majority of the reviewed experiments (39 in total) yielded
non-significant results on learning out-comes when comparing the scores of participants
in agent and no-agent groups. Motivational outcomes (i.e., self-eflicacy) likewise revealed
non-significant differences (i.e., Baylor & Ryu, 2003; Domagk, 2010). Hence, it has been
proposed that further research is needed to examine conditions under which an artificial
agent could facilitate learning, such as its instructional method of teaching. I claim that
examining the agent’s instructional method helps to clarify under which conditions agents
yield better learning outcomes.

Undoubtedly, a human teacher’s instructional method has a serious impact on students’
motivation and learning outcomes (Beas & Salanova, 2006). Behavioral modeling has been
found to be a powerful method of education across a diverse range of behavioral domains.
Behavioral modeling, originated from Bandura’s social cognitive theory, posits that much
of our learning derives from vicarious experience and advocates the concept of modeling
or learning by observing another person’s behavior (the so-called model) (Bandura, 1986).
Using agents for behavioral modeling means the employment of an agent that verbally ex-
plains and physically accomplishes a task, thereby showing the learner how to successfully
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complete it.

It has been proposed that artificial agents could serve as an alternative source for persuasive
human behavioral models, because of their capability to show complex tasks, for example
by means of gestures and expressions (Baylor & Plant, 2005; Johnson, Rickel, & Lester,
2000; Kim, Baylor, & Shen, 2007; Kramer & Bente, 2010; Plant, Baylor, Doerr, & Rosen-
berg-Kima, 2009). In fact, evidence suggests that gestures performed by an agent in multi-
media learning environments influence learning outcomes (i.e., transfer, retention) (Davis,
2018; Johnson, Ozogul, & Reisslein, 2015). In addition to this, Wang, Li, Mayer, and Liu
(2018) showed that a gesturing agent positively affects learners’ cognitive processing during
learning, as measured with a number of eye-tracking measures (i.e., number of fixations).
Moreover, related work provided support for the signaling hypothesis, that the presence of
an agent facilitates learning only when used to signal relevant on-screen visual information
(Johnson, Ozogul, Moreno, & Reisslein, 2013; Moreno, Reislein, & Ozogul, 2010). Despite
such encouraging findings, the effect of an artificial agent in the role of a behavioral model
on learning has not yet been studied. Therefore, the main objective of the current work is to
investigate the effects of an artificial agent employed as a behavioral model on individuals’
motivational (i.e., self-efficacy) and learning outcomes (knowledge, task performance).

One of the principal mechanisms by which human behavioral modeling influences learning
is stimulating self-efficacy (Bandura, 1977). Self-efficacy is defined as one’s beliefs about
his/her ability to perform specific tasks. Observing someone else performing the target
behavior raises individuals’ beliefs about their own ability to perform it successfully (Ban-
dura, 1986). A plethora of studies have confirmed the positive impact of self-efficacy on
learning outcomes, such as task performance (i.e., Agarwal, Sambamurthy, & Stair, 2000;
Bouffard-Bouchard, 1990; Moos & Azevedo, 2009).

In the domain of technological innovation adoption, the focal do-main of this research,
computer self-efficacy has been defined as one’s belief about own ability to perform a spe-
cific computer activity (Compeau, & Higgins, 1995a, 1995b). Research on behavioral mod-
eling in computer training highlighted the key role of computer self-efficacy in determining
computer skill acquisition (Gist, 1989). Furthermore, these studies demonstrated that be-
havioral modeling yields higher scores of computer self-efficacy compared to other com-
monly used non-modeling methods (i.e., lecture-based instruction, self-manual).

Computer self-efficacy has also been found to be an important predictor of individuals’
subjective evaluation of a system. The Technology Acceptance Model 3 (TAM 3), one of the
widely used theoretical models examining individual reactions to computing technology,
posits that computer self-efficacy is one of the determinants of system-specific perceived
ease of use (Venkatesh & Bala, 2008). According to TAM, system’s perceived ease of use,
defined as the degree to which the prospective user expects the target system to be free
of effort, is one of the two drivers of individuals’ intention to use a system (with the oth-
er being perceived usefulness). Venkatesh and Davis (1996) found that general computer
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self-efficacy had a direct effect on ease of use perceptions, both before and after hands-on
experience with the software (Venkatesh & Davis, 1996). Thus, training has been suggested
as an intervention for increasing users’ system perceptions of ease use by influencing its
determinants (i.e., computer self-efficacy).

What is more, an essential learning construct is declarative knowledge. Declarative knowl-
edge is defined by Anderson (1985, p199) as “knowledge about facts and things”. Yi and
Davis (2003) developed a model showing, amongst other, that behavioral modeling signifi-
cantly influences declarative knowledge via the four component processes (attention, reten-
tion, production, motivation). Similarly, Szymanski (1988) suggested that since knowledge
organization in long-term memory depends greatly on knowledge-related experiences, ver-
bal instructions (i.e., lectures) are not likely to be effective (Szymanski, 1988). Instead, the
author proposed behavioral modeling as an approach to developing accurate declarative
knowledge structures.

Nonetheless, the most essential objective of learning is the actual development of skills. Yi
and Davis (2003) showed that self-efficacy and declarative knowledge are two distinct caus-
al pathways by which behavioral modeling influences behavioral performance (i.e., proce-
dural knowledge). Earlier research provided some evidence of a correlation between declar-
ative knowledge and task performance. Concerning the impact of computer self-efficacy on
task performance, numerous studies have reported significant empirical relationships (i.e.,
Johnson & Marakas, 2000; Martocchio & Judge, 1997).

2.1.1 The current work

Earlier research provides inconsistent evidence for effects of pedagogical agents on learn-
ing outcomes (i.e., Heidig & Clarebout, 2011). We suggest that examining the agent’s in-
structional method helps to clarify under which conditions agents influence motivational
and learning outcomes. In Chapter 2, we report about two studies. The purpose of Study
1 was to investigate the effect of an agent as a behavioral model, compared to two com-
mon non-modeling instructional methods (agent-delivered instructional narration and
no-agent, text-only instruction), on learners’ beliefs of their computer-self efficacy and sys-
tem’s perceived ease of use. Building on the results of Study 1, the purpose of Study 2 was
to extend the insights into the effects of agent-delivered modeling, as compared to other
non-modeling methods, by focusing on learners’ cognition (i.e., declarative knowledge) and
behavior (i.e., task performance). Further, in Study 2, we substituted the no-agent, text-only
condition with a no-agent, voice-only narration condition. Moreover, we replicated effects
of agent-delivered modeling on individuals’ self-efficacy and perceived ease of use, so as to
further strengthen the findings of Study 1. Thus, the combination of both Study 1 and Study
2 has an additional replication value.

2.2 Study 1
One of the principal mechanisms by which human behavioral modeling influences learning
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is stimulating self-efficacy, which, in turn, has been found to be a predictor of individu-
als’ system’s perceived ease of use (Venkatesh & Bala, 2008). In Study 1, we predicted that
agent-delivered modeling as an instructional method will positively influence users’ com-
puter self-efficacy (H1) and perceived ease of use of a novel technology (H2). To test these
hypotheses, we compared agent-delivered modeling to two non-modeling instructional
methods (i.e., agent-delivered instructional narration and no-agent, text-only instruction).
Taking into account the findings and recommendations of earlier studies (Agarwal et al,,
2000; Bandura, 1997; Marakas, Yi, & Johnson, 1998), we examined the impact of agent-de-
livered modeling on specific computer-self efficacy (perceptions of ability to perform spe-
cific computer-related tasks), as opposed to general computer self-efficacy (judgment of
efficacy across multiple computer application domains).

2.2.1 Method
Participants and design

A total of 197 individuals participated in the study. The participants were recruited using a
local participant database, and most of them were students from Eindhoven University of
Technology. Of these participants, 122 (61.9%) were males and 74 (37.6%) of them were fe-
males (one person did not answer the question about gender). The age of the sample ranged
from 19 to 29, with a mean age of 23 (SD = 2.44). One-hundred fifteen participants were
educated to undergraduate level or higher, and 77 had completed high school (5 persons
did not state their educational background). The vast majority of the participants (95.5%)
reported using computers on a daily basis, with a computer use frequency for more than 12
h per week (82.5%). The average general computer self-efficacy of the population was high
(M =5.51 on ascale from 1 to 7, SD = 0.74), which is concordant with the participants’ stat-
ed extensive computer use. In addition, more than half of the participants (63.5%) reported
no previous experience with using assistive computer technologies (i.e., software and/or
hardware).

The study employed a between-subjects design, with the participants being randomly as-
signed to one of three experimental conditions: agent-delivered modeling, agent-delivered
instructional narration, and no-agent, text-only instruction. We pre-tested the success of
our manipulation, by randomly allocating 10 participants to one of these conditions and
afterwards asking them about their perceptions of the type of the instructional method they
received (i.e., demonstration, narration, or textual instruction). Results indicated that our
manipulations worked as expected. The study’s dependent variables were specific computer
self-efficacy and perceived ease of use. Inclusion criteria were participants’ fluency in En-
glish. Overall, the duration of the study was approximately 20 min, for which participants
received 5€ as compensation for their participation.

Apparatus
The study’s instructional material pertained to an eye-tracking software, called GazeTheWeb
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(GTW). GTW, illustrated in Figure 1, is a web-browser, developed to be controlled sole-
ly with the eyes, using eye-tracking hardware (for more information see Menges, Kumar,
Miiller, & Sengupta, 2017). Participants were unfamiliar with the system.

The 3D animated artificial agent used in this study was created using the CrazyTalk 8 soft-
ware. The agent was designed to resemble participants’ characteristics in terms of appear-
ance, according to the guidelines derived from the earlier literature (Baylor & Plant, 2005;
Plant et al., 2009; Rosenberg-Kima, Baylor, Plant, & Doerr, 2008). Since the participants of
this study were young individuals, the agent was designed to be young (~25 years), attrac-
tive (as manipulated by the agent’s facial features) and “cool” (as manipulated by the agent’s
clothing and hairstyle).

©

DuckDuckGo

Figure 1 The homepage of the GazeTheWeb interface for performing the required web search.

Measures

Specific computer self-efficacy was assessed by asking participants to answer five questions
regarding their perceived ability to perform the necessary steps of the instructed computer
task, using GTW. These questions were self-constructed (see Appendix A.1 for the items
on this scale). Specifically, to develop measures for specific computer self-efficacy, recom-
mendations for earlier work on question construction for this construct were closely fol-
lowed (Bandura, 1997; Marakas et al., 1988). Participants answered these five questions on
a 7-point rating scale, ranging from 1 (strongly disagree) to 7 (strongly agree). We obtained
a reliable measure (Cronbach’s a« = 0.80) of specific computer self-efficacy by averaging par-
ticipants’ answers to this set of questions.

General computer self-efficacy was assessed by asking participants to answer eight ques-
tions regarding their perceived ability to use un-familiar computer technologies in general.
This 8-item scale was originally created by Compeau and Higgins (1995b) (see Appendix
A.1 for the items on this scale). Participants answered these questions on a 7-point rat-
ing scale, ranging from 1 (strongly disagree) to 7 (strongly agree). We obtained a reliable
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measure of general computer self-efficacy (Cronbach’s « = 0.75) by averaging participants’
answers to this set of questions.

System’s perceived ease of use was assessed by asking participants to answer four questions
regarding their personal evaluation of the mental effort that is needed to use GTW. This
4-item scale was originally created by Davis (1989, 1993) (see Appendix A.1 for the items
on this scale). Participants answered these questions on a 7-point rating scale, ranging from
1 (strongly disagree) to 7 (strongly agree). We obtained a reliable measure of perceived ease
of use (Cronbach’s & = 0.81) by averaging participants’ answers to this set of questions.

Lastly, demographic questions of age, gender, education, and level of computer use were
asked.

Procedure

Participants were asked to read and sign an informed consent form, stating the general
purpose of the research and their willingness to participate in this study. Then, participants
were randomly assigned to one of the three outlined experimental conditions and they were
asked to watch an instructional video (split into two screens) on how to perform a web
search with their eyes using the GTW browser. It was while the participants watched the
video that the manipulation of agent-delivered modeling took place. Figure 2 shows sample
screenshots for each condition.

In more detail, the video in the agent-delivered modeling condition was split into the fol-
lowing two screens: on the right-hand side, an artificial agent appeared to use the GTW sys-
tem by moving its eyes and head, so as to conduct a web search, while verbally explaining
the task-related features of the system; the left-hand side of the screen contained a display
of the system, exposing participants to the progressive effects of the agent’s actions (i.e.,
produced by its gaze) in real time. Overall, the agent did not appear to perform any other
movements (i.e., hand gestures), other than using its eyes and head to perform the demon-
stration of the eye-tracking software.

The video in the agent-delivered instructional narration condition was split into the fol-
lowing two screens: on the right-hand side, the (same) artificial agent appeared to provide
(the same) verbal instructions on how to conduct a web search using GTW, explaining the
task-related features of the system; while the left-hand side of the screen contained a display
of the system, exposing participants to progressive screenshots of the system with labels,
highlighting the commands the verbal explanation was referring each time. The agent ap-
peared to be still (i.e., no head movements or hand gestures), although ‘its human-like gaze
behavior remained (i.e., blinking).

Lastly, in the no-agent, text-only instruction condition, the right-hand side of the screen
contained a textbox displaying written instructions. Thus, participants in this condition
were provided with the same system instructions, but they could not see or listen to the
agent. The left-hand side of the screen was identical to the agent-delivered instructional
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narration condition (i.e. labels highlighting the system’s commands).

After the end of the instructional videos, participants were re-quested to answer an online
questionnaire. Lastly, they were debriefed, paid and thanked for their contribution.

ot Wors [ o Woret The Vs Mot worie
g [rsr

For hyperlink navigation, select the
finger-point button, on the right tab panel,
by looking at it.

Clicking the finger-point button
momentarily zooms the page

for precise eye-based selection.

Focusing your eyes on the preferred link

will open the page you wish to visit

Figure 2 Different types of instructional methods: (a) Agent-delivered modeling; the agent tilts the head to focus its
gaze to the system feature, which, as a result of this action, becomes activated (blue button on the left-hand side) (b)
Agent- delivered instructional narration; the agent is motionless while explaining the system feature, which is high-
lighted in the left-hand side screenshot (c) No-agent, text-only instruction; the agent has been substituted by a text-
box, which provides instructions of the function of the system feature, highlighted in the left-hand side screenshot.
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2.2.2 Results

Specific computer self-efficacy: A one-way analysis of covariance (ANCOVA) was conducted
to determine the effect of the type of instructional method on participants’ specific comput-
er self-efficacy, after controlling for their general computer self-efficacy? .

After controlling for general computer self-efficacy, the significant main effect of the type
of instruction on specific computer self-efficacy remained, F(2,193) = 6.832, p < .01, np> =
0.066. Planned contrasts revealed that specific self-efficacy was significantly higher for the
participants in the agent-delivered modeling condition (N = 66, M = 6.1, SD = 0.80), as
compared to the participants in the agent-de-livered instructional narration condition (N
=66, M = 5.6, SD = 0.92), t(193) = -3.48, p < .01, and as compared to participants in the
text-only instruction condition (N = 65, M = 5.7, SD = 0.93), #(193) = -2.82, p < .01. No
significant difference was found between participants in the two non-modeling conditions
after controlling for general self-efficacy.

Perceived ease of use: A one-way ANCOVA was conducted to determine the effect of the
type of instructional method on participants’ perceived ease of use, after controlling for
their general computer self-efficacy®. Results demonstrated a significant relationship be-
tween the covariate general computer self-efficacy and perceived ease of use, F(1,193) =
27.203, p < .01, np® = 0.124. More important, the findings revealed a marginally signifi-
cant main effect of the type of instruction on perceived ease of use after controlling for the
general computer self-efficacy, F(2, 193) = 2.882, p = .058, np’= 0.029. Planned contrasts
revealed that perceived ease of use was significantly higher for participants in the agent-de-
livered modeling condition (N = 66, M = 4.78, SD = 1.04), as compared to participants in
the agent-delivered instructional narration condition (N = 66, M= 4.36, SD = 0.99), t(193)
= —2.34, p < .05. Nonetheless, results showed no evidence for a significant difference in
perceived ease of use, between participants in the agent-delivered modeling condition and
participants in the text-only instruction condition (N = 65, M = 4.54, SD = 1.14), #(193) =
—1.34, p > .05. Similarly, no significant difference was found between participants in the two
non-modeling conditions after controlling for general self-efficacy.

2.2.3 Discussion

The results of the current study supported our first hypothesis showing that participants
in the agent-delivered modeling condition reported higher computer self-efficacy, as com-
pared to participants in the two non-modeling conditions. The results, by and large, sup-
port our claim that the agent’s instructional method is key for finding out under what con-

*When we did not include the general self-efficacy covariate in the analysis (ANOVA), the results were comparable
and in line with our first hypothesis, F(2,194) = 5.10, p = .007, n*> = 0.05.

When we did not include the general self-efficacy covariate in the analysis (i.e., ANOVA), the results were compa
rable and partially supported our second hypothesis, F(2,194) = 2.23, p = .11.
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ditions pedagogical agents yield better self-efficacy beliefs. Also, the results are in line with
past research on the effect of behavioral modeling (conducted by a human agent) on users’
computer self-efficacy, as compared to other non-modeling methods (i.e., lecture training
and self-manual) (Compeau & Higgins, 1995a, 1995b; Gist, 1989). These findings suggest
that an artificial agent functioning as a behavioral model can be implemented in a digital
learning setting as an alternative solution to a human agent, enhancing learners’ belief in
their own capabilities to perform a modeled task.

Additionally, we found that participants in the agent-delivered modeling condition had
higher perceptions of ease of use of the system, compared to participants in the agent-de-
livered instructional narration condition, also when controlling for their general comput-
er self-efficacy. However, contrary to our hypothesis, no differences on perceived ease of
use were found between participants in the agent-delivered modeling and the no-agent,
text-only condition. Therefore, our second hypothesis was only partially supported.

This finding could be explained when taking into consideration the role of direct experi-
ence with a system in the formation of individuals’ perceptions of ease of use. According to
Venkatesh (2000), the more concrete a person’s behavioral experience with a system is, the
more accurate his/her judgments are regarding the ease of use of the system. However, prior
to any system experience, users anchor their system perceptions of ease of use to their more
abstract beliefs they have about technologies (Venkatesh & Davis, 1996). Behavioral mod-
eling is a form of vicarious experience that can serve as an anchor point for such abstract
beliefs, leading to the formation of more accurate perceptions of system-specific ease of use.
Thus, it might be that, since participants in the text-only instruction condition were provid-
ed with less concrete system experience, they mostly relied on their general schema about
technologies, which, judging from their reported extensive experience with technologies,
was positive. Although in the current study we controlled for participants’ general comput-
er self-efficacy beliefs, other known anchors of perceived ease of use were not measured.
(i.e., computer anxiety, computer playfulness).

Besides the advantage of behavioral modeling over other instructional methods (i.e., tex-
tual instruction) to provide vicarious learning experience, an additional factor that might
have contributed to the possible difference in system experience between participants the
agent-delivered modeling condition and the text-only instruction condition pertain to the
methodological design, and specifically to the different modalities used (oral vs. written
instructions). The split-attention principle states that separately presenting mutually refer-
ring written text and pictures (i.e., such as in the text-only instruction condition) requires
learners to split their attention between both the information sources, as well as to men-
tally integrate them (Ayres & Sweller, 2005; Sweller, Ayres, & Kalyuga, 2011). Therefore,
participants who received written instruction might have faced with more challenges in
processing and integration of information, resulting in acquiring less system experience,
and relieving even more to their abstract technology-related beliefs when evaluating the
specific system’s ease of use.
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2.3 Study 2

In Study 1, we provided evidence for the effect of the artificial agent functioning as a behav-
ioral model on users’ beliefs of their computer self-efficacy and the system’s perceived ease
of use. However, learning is a multidimensional process that also encompasses cognitive
(i.e., declarative knowledge), and skill-based (i.e., performance) constructs (Kanfer & Ack-
erman, 1989; Kraiger, Ford, & Salas, 1993). Thus, as a next step, we designed a follow-up
study in order to extend our insights into the effect of an artificial agent functioning as a
behavioral model on those learning outcomes. We argue that an artificial agent that takes
on the instructional role of a behavioral model can improve users’ learning, both at knowl-
edge and at performance level, as compared to other non-modeling instructional methods.

In more detail, in Study 2 we predicted that agent-delivered behavioral modeling would en-
hance users’ declarative knowledge (H1) and also their task performance (H2) when com-
pared to two non-modeling instructional methods (agent-delivered instructional narration
and no-agent, voice-only instructional narration). We also re-tested effects of agent-deliv-
ered modeling on individuals’ self-efficacy (H3) and perceived ease of use (H4), so as to
turther strengthen findings of Study 1.

In Study 2, we substituted the written instructions (no-agent, text-only instruction condi-
tion) that we used in Study 1 with spoken instructions (i.e., no-agent, voice-only instruc-
tional narration). This is, to avoid any effect of the type of presentation of instruction (writ-
ten vs oral) on participants’ learning.

Overall, the present study aimed to add to the existing research on artificial agents by dis-
tinguishing the independent effects of agent-de-livered modeling on multidimensional out-
comes of learning. Particularly, the study’s goal is to contribute to the existing empirical
evidence, by showing the facilitating effect of an agent not only on individuals’ motivational
constructs (self-efficacy), but also on cognition and, most importantly, on behavior.

2.3.1 Method
Participants and design

The experiment was divided into two parts. A total of 99 participants completed the first
part (instructional videos), while 7 participants were withdrawn from the second part (task
performance with the system) by the experimenter, due to technical difficulties they faced
in using the system (i.e., system calibration failure). Nonetheless, participant withdrawal
did not induce major changes to the initial sample’s demographic characteristics. The par-
ticipants were recruited from a local participant database, and most of them were students
from Eindhoven University of Technology. Sixty-two of the participants were males and 37
of them were females. The age of the sample ranged from 19 to 55, with a mean age of 25.4
(SD = 6.29). Sixty-three participants were educated to undergraduate level or higher, and
35 have completed high school (one case did not report educational background). The vast
majority of the participants reported using computers on a daily basis (98%), with a com-
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puter use frequency for more than 12 h per week (76.8%). The average general computer
self-efficacy of the population was high (M = 5.51, SD = 0.73), which is concordant with
the participants’ extensive computer use. Nonetheless, more than half of the participants
(58.6%) reported no previous experience with using assistive computer technologies (i.e.,
software and/or hardware).

The study employed a between-subjects design, with the participants being randomly as-
signed to one of the three experimental conditions: agent-delivered modeling, agent-deliv-
ered instructional narration, and no-agent, voice-only instructional narration. The success
of the manipulation was checked with a single item measure: “During the instructional
video, I was able to observe a trainer using GazeTheWeb to perform a web search step
by step”. Participants could answer this question on a 7-point rating scale, ranging from 1
(strongly disagree) to 7 (strongly agree). Results provided support for our manipulation,
confirming that participants in the agent-delivered modeling condition agreed significantly
more receiving an agent-delivered task demonstration (N = 34, M = 6.44, SD = 1.1), as com-
pared to participants in the agent-delivered instructional narration condition (N = 34, M
=5.62, SD = 1.5), t(96) = 2.341, p = .02, and as compared to participants in the voice-only,
instructional narration condition (N =31, M =5.13, SD = 1.6), #(96) = 3.643, p < .001. The
study’s dependent variables were declarative knowledge, task performance, specific com-
puter self-efficacy beliefs, and ease of use perceptions. Inclusion criteria were fluency in
English and exclusion criteria pertained to participation in Study 1. Overall, the duration
of the study was approximately 30 min, for which participants received 5€ as compensation
for their participation.

Apparatus

The software system used in the current study was the GazeTheWeb software (GTW). The
eye-tracking hardware used was the Tobii EyeX.

A “user booklet” was created in a paper form and was given to the participants just before
the second part of the study (actual system use). This booklet included: 1) information
about the task assignment (i.e., “perform the same task as the one you saw in the instruc-
tional videos”), as well as task instructions (i.e., “perform the task as fast and as accurately
as possible”) (see Appendix A.2).

Measures

The dependent variable of the first hypothesis was declarative knowledge and it was assessed
by asking participants to answer a series of multiple-choice questions, the most commonly
used method for knowledge assessment (i.e., Kraiger et al., 1993; Yi & Davis, 2003). The
multiple-choice questions for declarative knowledge were defined as items that assess ‘pure
recall’ of specific isolated pieces of knowledge, such as facts, definitions, terminologies, and
concepts (Abu-Zaid & Khan, 2013). The multiple-choice questions of the current study
were constructed to measure participants’ memory of the GTW system’s commands, icons,

30



2.3.1 Method

and layout, as described in the instructional videos. Participants were requested to answer
15 multiple-choice questions with four choices each, of which one answer was correct (see
Appendix A.2 for the multiple-choice questions). The internal consistency of the multi-
ple-choice items was acceptable (a« (KR-20) = 0.70). We constructed a declarative knowl-
edge measure by counting participants’ number of correct answers to these 15 questions.

The dependent variable of the second hypothesis was participants’ task performance using
GTW. Participants had to perform four sub-tasks with GTW (see Appendix A.2 for details
on the task performance assignment). Task performance was assessed using three perfor-
mance indicators: 1) overall task completeness; 2) task completion time (i.e. speed); and 3)
task accuracy (i.e., the number of errors). These performance measurements were in agree-
ment with performance measurements suggested by earlier literature (Forster, Higgins, &
Bianco, 2003; Sweeney, Maguire, & Shackel, 1993).

To ensure the calculation accuracy of the performance measurements, use cases, descrip-
tions of all the required interactions of users with the system, were generated prior to con-
ducting the experiment. Thus, following the guidelines from earlier literature (Schneider
& Winters, 2001), we created use cases that defined: 1) the main paths (cases where a user
successfully performs a task, according to the basic course of action presented in the in-
structional videos); 2) alternative paths (cases different from the basic paths, which still lead
to a task completeness); 3) exception paths (unintended paths through the GTW system,
due to either participant’s missing information or system us-ability problems). To increase
the precision of our use case methodology, the overall computer task was divided into four
subtasks, with this task segmentation to be based on the sequential content of the instruc-
tional videos. Thus, separate use cases were generated for each of the four subtasks.

Overall task completeness was calculated as a percentage, after summing up the number
of the subtasks that were successfully completed by a participant (with 100% success being
the completion of all four sub-tasks). Task completion time (measured in milliseconds),
was calculated by subtracting the start-time from the end-time of each of the four subtasks.
We constructed a measure of task completion time by averaging a participant’s completion
time for these four subtasks. Task accuracy was calculated by adding the number of errors
made during each subtask (i.e., pre-defined in the exception paths). All types of errors were
given the same weight (i.e., 1). We constructed a measure of task accuracy by averaging a
participant’s number of errors for the subtasks. The performance scores were calculated
by two researchers independently, who were both blinded to the experimental conditions.
There was a 100% agreement on the performance measurements between the two raters.

The two dependent variables of the third and fourth hypothesis were specific computer-
self-efficacy and perceived ease of use. We used the same measures for these variables as in
Study 1 (see Appendix A.1 for the items on these scales). We obtained a reliable measure of
specific computer self-efficacy (Cronbach’s « = 0.86), and perceived ease of use (Cronbach’s
a = 0.84), by averaging participants’ answers to each set of questions. General computer
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self-efficacy was also assessed in the same manner as in Study 1 (see Appendix A.1 for
the items on this scale). We obtained a reliable measure of general computer self-efficacy
(Cronbach’s a = 0.79) by averaging participants’ answers to this set of questions.

Lastly, participants were also requested to answer a series of questions about their gender,
age, education level, and frequency of computer use and any previous AT use.

Procedure

Participants were asked to read and sign an informed consent form, stating the general
purpose of the research and their willingness to participate in this study. The experiment
was divided into two parts. In the first part, participants were randomly assigned to one
of the three experimental conditions and they were asked to watch an instructional video
(split into two screens) on how to perform a web search with their eyes using the GTW
browser. The first part of the current study was identical to that of our earlier research (see
2.2.1), with the only diference to be in one of the three experimental conditions. This is, the
text-only narration condition was substituted with the voice-only, instructional narration
condition. In more detail, the voice-only instructional narration condition was identical to
the agent-delivered instructional narration condition, with the only difference being that
the right-hand side of the screen depicted a neutral background of an office, instead of the
artificial agent (see Figure 3). Thus, participants in this condition were provided with the
same verbal instructions as in the other two conditions, but the physical appearance of the
agent on-screen was removed.

After the end of the instructional videos, participants were requested to answer an online
questionnaire and to complete the multiple-choice test.

Next, the experiment proceeded to the second part, where participants were requestedto
perform a web search using the GTW system. Instructions were provided to all participants
through a user booklet before they started the task. This is, each participant was requested
to search for the “hello world” Wikipedia page, with an overall task mission to complete
an unfinished sentence on the user booklet by copying the two words, found in the last
paragraph of the correspondent Wikipedia web page. Overall, this computer task required
participants to perform four sequential computer subtasks, namely, 1) web search initiation
2) typing of search term 3) hyperlink navigation, 4) page navigation. Next, the experiment
leader assisted each participant with the eye-tracker calibration (i.e., the default calibration
process of the specific eye-tracker model has been followed). To ensure the accuracy of the
calibration and to avoid initial task performance errors due to participants’ unfamiliarity
with eye-tracking technologies, participants were asked to play an eye-tracking game for a
brief amount of time, with the experiment leader being present. Afterwards, participants
were asked to perform the task as fast and as accurate as possible, but without having a
specified time limit and in absence of the experiment leader. After completing the task,
participants were debriefed, paid and thanked for their contribution.
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Figure 3 Voice-only instructional narration: On the left side, labels highlight a specific command (i.e., finger-point

button), while on the right side, a neutral background was presented. A voice provided participants with informa-
tion related to the shown feature.

2.3.2 Results

Declarative knowledge: A one-way ANOVA was conducted to investigate the effect of the
type of instructional method on participants’ declarative knowledge. We found a signifi-
cant main effect of the type of instructional method on participants’ declarative knowledge,
F(2,96 = 3.025, p = .05, np> = 0.060. Planned contrast analysis only partially supported
our first hypothesis, indicating that participants in the agent-delivered modeling condition
(N =34, M = .83, SD = 0.33) scored significantly higher compared to participants in the
agent-delivered instructional narration condition (N = 34, M = 0.73, SD = 0.28), #(96) =
—2.458, p = .016, r = 0.24. To the contrary, results provided no evidence for a significant
difference on participants’ declarative knowledge between the agent-delivered modeling
condition and the voice-only, instructional narration condition, (N = 31, M = 0.77, SD =
0.14), #(96) = 1.263, p = .21, r = 0.13.

Task performance: A one-way multivariate analysis of variance (MANOVA) was conducted
to investigate the effect of the type of instructional method on participants’ task perfor-
mance with the system. Three measures of participants’ task performance were analyzed:
overall task completeness, mean completion time and mean number of errors. Due to the
fact that all participants included in the analysis had successfully completed the overall task,
only the other two performance measures were analyzed (completion time and number of
errors). Using Pillai’s trace, we found a statistically significant MANOVA effect of the type
of instructional method on the combined dependent variables, V = 0.11, F(4,178) = 2.767,
p =.029, np* = 0.059. Follow-up univariate ANOVAs showed that both participants’ mean
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completion time (F(2, 89) = 5.889, p =.004, np” = 0.117) and mean number of errors (F(2,89)
= 3.896, p = .024, np” = 0.080) were significantly different between the three experimental
conditions. In line with our second hypothesis, simple contrasts revealed that participants
in the agent-delivered modeling condition (N = 32, M = 18.6, SD = 6.90) completed the
task significantly faster, compared to participants in both, the agent-delivered instructional
narration condition (N = 31, M = 35, 6, SD = 26.7), p = .002, and the voice-only, instruc-
tional narration condition (N = 29, M = 32.4, SD = 24.1), p = .01 Similarly, participants in
the agent-delivered modeling condition (N = 32, M = 0.375, SD = 0.39) performed the task
with significantly fewer errors, as compared to participants, in both, the agent-delivered in-
structional narration condition (N = 31, M = 0.831, SD = 0.90), p = .01, and the voice-only,
instructional narration condition, (N = 29, M = 0.759, SD = 0.70), p = .03. Results provided
no evidence for a significant difference in the two measures of task performance between
the participants in the two non-modeling conditions.

Specific computer self-efficacy. Further, a one-way between-subjects analysis of covariance
(ANCOVA) was conducted to investigate the effect of the type of instructional method
on participants’ specific computer self-efficacy, after controlling for their general computer
self-efficacy®. One extreme outlier was found in the data, as assessed by inspection of a
boxplot. Therefore, we reported our analysis without that one participant. Results showed
a significant relationship between the covariate general computer self-efficacy and specific
computer self-efficacy, F(1,94) = 15.496, p < .001, np* = 0.142. After controlling for general
computer self-efficacy, the significant main effect of the type of instructional method on
specific computer self-efficacy remained, F(2,94) = 5.538, p = .005, np> = 0.105. Planned
contrast analysis revealed that the participants in the agent-delivered modeling condition
(N =33, M =6.38, SD = 0.49) exhibited significantly higher specific computer self-efficacy,
as compared to participants in the agent-delivered instructional narration condition (N
=34, M = 5.82, SD = 0.88), (94) = —2.521, p = .002, and, as compared to the participants
in the voice-only, instructional narration condition (N = 31, M = 5.78, SD = 0.92), #(94) =
—3.136, p = .013. Results provided no evidence for a significant difference in participants’
computer self-efficacy between the two non-modeling conditions also when controlling for
their general computer self-efficacy.

Perceived Ease of use. A one-way ANCOVA was conducted to compare the effect of the type
of instructional method on participants’ perceived ease of use, after controlling for their gen-
eral computer self-efficacy®. Results showed a non-significant relationship between the co-
variate general computer self-efficacy and perceived ease of use, F(1,95) = 1.736, p = .19, np*

*When we did not include the general self-efficacy covariate in the analysis (i.e., ANOVA), the results were compa-
rable and in line with our first hypothesis, F(2, 95) = 5.970, p = .004, n> = 0.063.

>When we did not include the general self-efficacy covariate in the analysis (i.e., ANOVA), the results were compa-
rable and not in line with our second hypothesis, F(2,96) = 1.034, p = .36, n> = 0.021.
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= 0.018. Likewise, results provided no evidence for a significant main effect of the type of
instructional method on participants’ perceived ease of use, also when controlling for their
general computer self-efficacy, F(2,95) = 0.777, p = .46, np” = 0.016.

2.3.3 Discussion

Results of Study 2 showed that participants in the agent-delivered modeling condition
scored significantly higher on a declarative knowledge assessment compared to participants
in the agent-delivered instructional narration. This finding indicates that using an artificial
agent as a behavioral model is a more effective approach to enhance learners’ declarative
knowledge acquisition compared to having an agent only narrating. This result is in line
with suggestions from the earlier literature regarding the superiority of human behavior-
al modeling over lecturing in order to develop accurate declarative knowledge structures
(Szymanski, 1988). However, the results showed that this advantage was not present when
agent-delivered modeling was com-pared to voice-only instructional narration. We argue
that this is be-cause of the study’s design-related characteristics rather than because of el-
ements inherent to modeling. Specifically, the screen of the instructional videos was split
into two parts, but, contrary to the two agent conditions, in the voice-only instructional
narration condition, only one side of the screen contained visual information (the other
side only contained a static photo). Thus, according to cognitive load theory (Sweller et al.,
2011), in the absence of an on-screen artificial agent (i.e., less visual information), partici-
pants in the voice-only condition, might have experienced less cognitive load, resulting in
better verbal information processing and acquisition, as compared to the agent-de-livered
instructional narration.

In line with our prediction and earlier research in the field of computer training (i.e., Com-
peau & Higgins, 1995a; Compeau & Higgins, 1995b), participants in the agent-delivered
modeling condition showed better task performance when using the system, compared to
participants in the two non-modeling conditions. Findings revealed that these participants
were significantly faster and made fewer errors when completing the task, compared to
those in the two non-modeling conditions. We found no significant differences between in-
dividuals in the two non-modeling conditions. Thus, our third hypothesis was sup-ported,
providing evidence that it is the instructional approach of an artificial agent (i.e., model-
ing) that can positively influence learners’ behavior (i.e., task performance) rather than the
agent’s mere presence.

Lastly, similar to the findings of Study 1, results of Study 2 showed that participants in the
agent-delivered modeling condition showed higher computer self-efficacy, as compared to
participants in the two non-modeling conditions. To the contrary, Study 2 did not provide
evidence for a significant difference in perceived ease of use between the agent-delivered
modeling and the two non-modeling conditions. The lack of success in reproducing the
effect of agent-delivered modeling on participants’ perceptions of ease of use, as compared
to the agent-delivered instructional narration, could be attributed to the smaller sample size
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as compared to that of Study 1. More power was required to detect such an effect on users’
perceived ease of use.

2.4 General discussion

Artificial agents have been recently employed in multimedia learning environments, in or-
der to introduce more instructional support and persuasive elements (Clark & Choi, 2005).
However, contrary to the purpose they are designed to serve, the literature draws a discour-
aging picture concerning the overall general impact of artificial agents on motivational and
learning outcomes. Based on past work (i.e., Heidig & Clarebout, 2011), we argued that
a more fruitful approach is to ask under what conditions artificial agents might facilitate
learning. While most pedagogical research focused on the agents’ design, other conditions
of their use, such as the agents’ instructional role, have been neglected.

The current work examined behavioral modeling as a facilitating instructional role that an
artificial agent can take in a multimedia learning environment. Past work employing hu-
man models (i.e., Compeau & Higgins, 1995a; Compeau & Higgins, 1995b) revealed that
behavioral modeling, yields higher scores of computer self-efficacy and better task perfor-
mance, compared to other commonly used non-modeling instructional methods. Findings
of Study 1 and Study 2 showed that, similar to a human model, an artificial model can
positively in-fluence users’ motivational (computer self-efficacy and perceptions of ease of
use of the system), cognitive (declarative knowledge) and, most importantly, skill-based
(i.e., task performance) constructs of learning, as compared to other popular non-model-
ing instructional methods. Such results further suggest that it is the agent’s instructional
approach -provision of a behavioral model for social learning- rather than its mere physical
presence that has a positive impact on learning.

2.4.1 Limitations, future research, and practical recommendations

Like every study, this research is not without limitations. The mixed results regarding the
system’s perceived ease of use could be attributed to the different design-related characteris-
tics among conditions that could have an impact on participants’ overall cognitive capacity.
This is, the text-only instruction condition of Study 1 delivered only visual in-formation to
the users, while the other two agent-delivered conditions provided information through,
both, visual and auditory modalities. To the contrary, in the voice-only instructional narra-
tion method of Study 2, individuals were required to watch and process less information in
their visual working memory.

In fact, past research revealed that on-screen agents can sometimes be a source of distrac-
tion for individuals’ learning leading to a negative effect on retention and transfer (Velet-
sianos, Miller, & Doering, 2009). Though one could claim that the physical appearance of a
model is a prerequisite for modeling, this might not always be the case in online multime-
dia learning environments. Although the study’s findings provide evidence that behavioral
modeling performed by an agent is an effective instructional method, the study’s design
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does not allow to make inferences about the sole effect of the physical presence of the ar-
tificial model on learning. Future research might examine the mere effect of an artificial
agent’s physical presence as a model on people’s learning gain, taking into consideration
conditions under which conditions the artificial model’s physical appearance on-screen fa-
cilitates learning (i.e., based on the type of task to be modeled). Additionally, future studies
could consider whether various characteristics of the artificial agent as a behavioral model
(i.e., the non-verbal behavior of the artificial model) could further augment learning.

What is more, although the effectiveness of agent-delivered modeling was tested with peo-
ple who were computer literate, as shown by their high general computer self-efficacy and
frequency of use, we are convinced that these findings can be generalized to individuals
with lacking computer skills. In fact, modeling has been shown to be a more effective in-
structional method for people with lower general computer self-efficacy, as compared to
other non-modeling methods (Gist, Schwoerer, & Rosen, 1989). Future research might ex-
amine the effectiveness of modeling to a population with different individual characteris-
tics (i.e., with low computer literacy). Additionally, concerning individual characteristics,
despite random assignment across treatment conditions, as in every experimental design, it
is possible that the groups obtained had pre-existing differences in a quality that systemati-
cally altered the response of one group to the treatment as compared with the others.

Besides characteristics of the population, other opportunities for future work involves the
nature of the computer task to be demonstrated. Earlier research found that the success
of modeling might differ depending on the system that is modeled (Compeau & Higgins,
1995a). It has been proposed that familiarity with the system reduces the effectiveness of
modeling. In our experiments, participants were un-familiar with the study’s specific sys-
tem (i.e., eye-tracking browser), although they were familiar with the general task (i.e..,
Wikipedia search). Nonetheless, the study’s focus was on the demonstration of a novel
eye-tracking system (i.e., how to use a browser using eyes) and not Wikipedia search per se.

Lastly, we compared agent-delivered modeling with other popular non-modeling methods.
However, the potential of agent technologies for education is vast. For example, recent find-
ings suggest that students’ learning can be enhanced through the act of teaching agents (i.e.,
learning by teaching) (Biswas, Leelawong, Schwartz, Vye, & The Teachable Agents Group
at Vanderbilt, 2005). Future research might examine learning by being taught versus learn-
ing by teaching, using modeling as an instructional method (i.e., students are provided with
agent-delivered modeling vs. students teach an agent by modeling a behavior). Future re-
search might examine learning by being taught (i.e., students are provided with agent-de-
livered modeling) versus learning by teaching (i.e., students teach an agent by modeling a
behavior) using modeling as a teaching method.

The current work provides further support for the effectiveness of persuasive technologies
that take the form of a social actor. It also augments work within educational research, by
identifying artificial agents as effective behavioral models that have the potential to suc-
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cessfully replace human models in multimedia environments. This is important given the
widespread use of online education and distance learning, and therefore, the compelling
need to ameliorate distance education course quality. Overall, artificial agents embedded

in digital settings as models can provide an important technology for the improvement of
distance education.
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Chapter 3

The effect of the visual presence of an artificial mod-
el and type of learning task on cognitive load and
learning outcomes®

%This chapter is based on:
Fountoukidou, S., Matzat, U., Ham, J., & Midden, C. (2021). The effect of the visual presence of an artificial model and
type of learning task on cognitive load and learning outcomes. Manuscript submitted for publication.
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3.1 General Introduction

Innovative educational technology tools have a great premise for improving learning, yet
they are often not used to their full potential. Attempts to utilize more of a technology’s
capabilities have led researchers to investigate instructional software tools such as artificial
pedagogical agents -on-screen, animated characters. Such agents are designed to facilitate
learning by providing instructional support and motivation in multimedia learning en-
vironments (Clark & Choi, 2005). Nonetheless, findings regarding their effectiveness for
learning are mixed. A meta-analysis revealed that agents were associated with a small but
positive effect on learning (Schroeder, Adesope, & Gilbert, 2013), while systematic reviews
showed that the majority of studies found nonsignificant effects (Heidig & Clarebout, 2011;
Martha, & Santoso, 2019). Nonetheless, in light of the great variety of artificial agents used
in past studies, as also the specific functions they may execute, the question of whether
they can generally facilitate learning might be too broad. A more fruitful approach is to
ask under which conditions pedagogical agents can facilitate learning. While the majority
of pedagogical research mainly focused on the impact of an agent’s design characteristics
on learning (i.e., appearance), other conditions of their use, such as the artificial agents’
instructional method, have been neglected (Heidig & Clarebout, 2011).

Undeniably, the instructional method used by a teacher - either human or artificial- has
an important role to play in student learning. Modeling has been found to be an effective
instructional method in enhancing learning. This method entails a model that physical-
ly accomplishes a task thereby demonstrating to learners how to successfully complete it
(Bandura, 1986). However, the effectiveness of modeling by an artificial agent has not been
examined until recently (Schroeder & Gotch 2015). In their study, Fountoukidou, Ham,
Matzat and Midden (2019) examined whether modeling by an artificial agent is effective
for learning. Findings revealed that an artificial agent as a model is more effective than the
other non-modeling methods (i.e., agent-instructional narration, voice-only-instructional
narration, text-only-instruction) in enhancing motivational (i.e., self-efficacy), cognitive
(declarative knowledge) and behavioral (task performance) learning outcomes.

Although these findings provide support in favor of artificial modeling over other instruc-
tional methods, the design of the study of Fountoukidou et al. (2019) does not allow to infer
whether the positive effects of an artificial agent as a model on learning depends on the
visual presence of the agent. Therefore, these findings cannot counter those arguing that it
is the instructional method (i.e., modeling) that is responsible for the learning gains, even
when no medium is visually present (i.e., the artificial model) (Clark & Choi, 2007).

In fact, two competing perspectives exist in the literature on whether the visual presence
of artificial agents in multimedia settings hinders or augments learning. These have been
labelled as “agents-as-complements” versus “agents-as-distractors” (Frechette & Moreno,
2010). Theories supporting the agents-as complements perspective, like social presence the-
ory (i.e., Hoyt, Blascovich & Swinth, 2003) and social agency theory (i.e., Moreno, Mayer,
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Spires & Lester, 2001), argue in short that an agent’s visual presence increases student moti-
vation, which in turn leads to greater invested effort during learning and more well-formed
mental models of the taught concepts. In terms of the evidence for a motivational effect of
the artificial agent’s visual presence, existing literature is inconclusive. That is, some studies
have provided support of the agents-as-complements perspective (e.g., Chen & Chou, 2015;
Dinger & Doganay, 2017; Lin, Ginns, Wang & Zhang, 2020; Park, 2015), while some other
studies did not (Carlotto & Jaques, 2016; van der Meij, van der Meij & Harmsen, 2015).

On the other hand, theories supporting the agents-as distractors perspective, like seductive
details (Mayer, 2001) and cognitive load theory (Sweller 2004; Sweller, Ayres, & Kalyuga,
2011), hold that the inclusion of an agent might hinder rather than foster learning. More-
no et al. (2001) termed this “interference” and reasoned that the presence of the agent can
hamper learning, because “any additional material that is not necessary to make the les-
son interesting reduces effective working-memory capacity and, thereby, interferes with
the core material” (p. 186). Overall, these theories predict two types of adverse effects of
the visual presence of the agent: cognitive distractions (i.e., inability to pay attention and
comprehend learning content) and affective distractions (i.e., disruptive feelings leading to
impediment of learning goals) (Frechette & Moreno, 2010). Therefore, according to these
theories, an instructional design will be more successful when unnecessary or distracting
elements (i.e. artificial agents) are removed from the presentation, thus freeing the learn-
er’s cognitive resources to process the content that is most central to learning (Moreno &
Mayer, 2000). Results on the effects of an artificial agent on cognitive load are mixed. That
is, some studies found that artificial agents increase cognitive load (Frechette & Moreno,
2010), some other studies found no difference in cognitive load between agent and no-
agent conditions (e.g., Moreno et al., 2001) and some other studies have found that artificial
agents reduce cognitive load (e.g., Dinger & Doganay, 2017).

Though one could claim that the presence of a model is a prerequisite for modeling in
traditional learning environments, the visual presence of the model is not the necessary in
multimedia learning settings. For instance, one may listen to verbal instructions on how to
perform a task, while the effects of the model’s actions are being demonstrated on the com-
puter screen, but without the model being visible. One question, then, arises: what is the
sole effect of the artificial model’s visual presence on learning outcomes? Since this question
is very broad, the current research’s aim is to study under which conditions does the visual
presence of an artificial model facilitate learning?

Modeling involves the visual observation of the behavior of a model when performing a
task. According to Bandura (1986), a model is only effective when it is relevant to the mod-
eled behavior. However, the modeled behavior is determined every time by the learning
task. This work posits that the type of learning task could define whether the artificial mod-
el’s visual presence augments the attainment of learning outcomes. In other words, we argue
that the type of learning task could be a decisive factor of whether an artificial model would
be considered as relevant and, therefore, supplemental to the instruction, or as irrelevant
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and, thus, unnecessary additive.

According to Bloom’s taxonomy (1994), learning tasks are categorized into three domains,
that is, psychomotor (i.e., skill-based domain), cognitive (i.e., knowledge-based domain),
and affective (i.e., attitudinal-based domain). Consequently, modeling of cognitive tasks
(called cognitive modeling) has been proposed as another form of modeling of psychomo-
tor tasks (called behavioral modeling) (Collins, Brown & Newman, 1989). Specifically, cog-
nitive modeling pertains to the observation of a model’s performance of cognitive skills and
processes (i.e., solving of problems), which requires the explication of thoughts and reasons
that underlie the performance of actions or choices (Wouters, Pass & Merrienboer, 2008).
Overall, past research has shown that similar to behavioral modeling, cognitive modeling
(via human teachers) is more effective in enhancing learners’ performance, as compared to
other teaching methods (i.e., lecture) (i.e., Gist, 1989; Gorrell & Capron,1990).

In the present work, we argue that an artificial model’s visual presence is particularly rele-
vant for behavioral modeling, which pertains to the demonstration of psychomotor learn-
ing tasks (i.e., learning of appropriate muscle movements to perform a task). Specifically,
we argue that for behavioral modeling, the visual presence of an artificial model is highly
required, as it facilitates the construction of a mental model of the psychomotor task taught,
by providing a prototype. However, this might be less the case for cognitive modeling that
focuses on the demonstration of purely cognitive tasks (e.g., mathematics). We postulate
that this might be because purely cognitive tasks entail actions that are not readily observ-
able. Thus, these mental actions need to be inferred either from physical actions that follow
from them (i.e., writing down mathematical equations), or they need to be made explicit in
order to be observed (i.e., talking out loud). Thus, we argue that for cognitive modeling, the
agent’s visual presence is decorational (and therefore not required), because only the task
demonstration (with verbal instructions included) contains the core material to be learned.

3.1.1 The current work

The current work maintains that artificial agents can enhance learning, under certain con-
ditions, in which their visual presence facilitate learners’ cognitive processes. Hence, more
research is needed that takes into consideration the conditions under which agents enhance
learning outcomes. In this research, we hold that the type of modeling (behavioral or cog-
nitive), which is based on the learning task at hand (psychomotor or cognitive), is a crucial
factor that determines whether the visual presence of an agent enhances or hinders learning
outcomes.

In more detail, in this chapter, we report about two studies. The primary purpose of Study 1
is to examine effects of the interaction between the on-screen visibility of an artificial model
(presence vs. absence) and type of task (psychomotor vs. cognitive) on learning outcomes.
Such an interaction, to the best of our knowledge, has not been investigated before. Since,
learning is a multidimensional process that also consists of cognitive and skill-based and
affective constructs, the learning outcomes examined are knowledge (i.e., recall), physical
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skills (i.e., task performance) and motivational and affective beliefs (i.e., self-efficacy, affect
towards the instructional material, affect towards the artificial instructor).

What is more, any type of learning task, whether psychomotor or cognitive, may consist of
various levels of complexity. In Study 1, we further argue that as the level of complexity of
a psychomotor task increases, the visual information provided by a model becomes more
important for the construction of a more accurate mental model of such a task. We further
argue that a learner’s more accurate mental model of the task will manifest itself as better
task performance.

In Study 1 it is implicitly assumed that the visual presence of the artificial agent as a model
has a different effect on learners’ cognitive load depending on the type of task it models (i.e.,
reduction of cognitive load for psychomotor tasks). However, this argument is not tested
explicitly. Thus, building on the results of Study 1, the purpose of Study 2 is firstly to repli-
cate part of the findings (i.e., the interaction between the on-screen visibility of an artificial
model and type of task on task performance and recall) and secondly to extent these find-
ings, by examining: 1) effects of the interaction between the on-screen visibility of an artifi-
cial model (presence vs. absence) and type of task (psychomotor vs. cognitive) on learners’
performance-related cognitive load; and, 2) the effect of the visibility of the artificial model
(presence vs. absence) on learners’ recall-related cognitive load for the psychomotor task.

3.2 Study 1

In the current research, we argue that the type of learning task (psychomotor versus cogni-
tive) could define whether the artificial model’s visual presence augments the attainment of
learning outcomes. In Study 1 we predict that the positive effect of the visual presence of the
artificial model on individuals’ a) task performance b) self-efficacy, c) recall and d) affective
beliefs is larger for a psychomotor task than for a cognitive task (H1). We further predict
that the effect of the visual presence of the artificial model on individuals’ task performance
is larger for the difficult level of a psychomotor task, as opposed to the easy level of psycho-
motor task. In addition, we hypothesize that this will not be the case for purely cognitive
tasks since the very essence of such tasks lies mostly in the provision of audio rather than
visual information (H2).

3.2.1 Method
Participants and design

Overall, 1387 individuals participated in this study, with most of them being students at
Eindhoven University of Technology. Specifically, 82 participants had an undergraduate
education or higher and 54 participants had finished high school (two participants did not
state their educational level). Of these participants, 65 (47.1%) were males and 73 (52.9%)

"Data on task performance was missing for 6 participants due to technical difficulties with the recordings. Nonethe-
less, such participant exclusion did not induce major changes to the initial sample’s demographic characteristics.
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of them were females. The age of the sample ranged from 18 to 44, with a mean age of 23
(SD =3.71).

The study employed a 2 x 2 x 2 factorial design with on-screen visibility of the artificial
model (visual presence vs. absence) as a between-subject factor, type of task (psychomotor
vs. cognitive) and level of task complexity (easy vs. difficult) as two within-subject factors.
The study’s dependent variables were a) task performance b) self-efficacy, c) recall and d)
affective beliefs (towards the instructional material and the artificial instructor). The study’s
inclusion criteria included English language fluency. Overall, the study lasted for approx-
imately 30 minutes, and participants were compensated for their participation (5 euros).

The Tetris game as the study’s learning material

The study’s overall learning material pertained to a well-known computer game, called Te-
tris. Since one factor of the study was type of task (psychomotor and cognitive), we created
two different variations of the Tetris method of play. These two variations of the original
Tetris game were generated in such a way, to reflect the two types of learning task, while
maintaining the fundamental rules the original Tetris game (i.e., how to move and rotate
game pieces)®.

In more detail, the cognitive task was created as a form of cognitive activity, while the psy-
chomotor task was designed to be a form of a motor activity. Both psychomotor and cog-
nitive learning tasks were devised to be equivalent with respect to duration and they were
both based upon the same fundamental game rules (i.e., moving and rotating game pieces)
even though the learning objectives differ (i.e., cognitive vs. psychomotor).

In addition, since one factor of the study pertained to the level of task complexity, we devel-
oped two levels of task complexity per learning task; this is, the easy level and the difficult
level.

Finally, before the full study took place, a pilot study was conducted, in order to test these
self-constructed psychomotor and cognitive learning tasks. Specifically, this work was di-
rected towards a threefold goal: firstly, to verify that the two levels of complexity of both
tasks (easy and difficult) worked as intended (without ceiling and floor effects). Secondly,
to ensure that both the cognitive and psychomotor task, although different in nature, were
comparable in terms of complexity (complexity was measured subjectively as perceived task
complexity, and, objectively as task performance). Lastly, a third motivation was to acquire
insights about the task performance of participants, to help develop a more accurate scoring
system and increase the reliability of the measurements. Results of the pilot indicated that
all three goals were achieved as intended.

$Tetris is a puzzle game, where a player has to move and rotate the game pieces, which fall down the playing field, with
the goal to create horizontal lines without gaps. When such a line is created, it gets destroyed and any block above this
deleted line will fall. If the game pieces land above the top of the playing field, the game is over
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Cognitive learning task

Cognitive modeling was designed to be a demonstration of a purely cognitive task. Cog-
nitive tasks deal with how a student acquires, processes and utilizes knowledge. It is the
“thinking” domain (Kasilingam, Ramalingam & Chinnavan, 2014). Mathematics are often
used in experiments as an example of cognitive learning. Thus, we developed a version of
Tetris game where a player had to follow a set of (self-constructed) game rules, in order to
construct and, then, solve (simple) math operations. Constructing and solving math oper-
ations was a prerequisite, to accomplish certain game actions (i.e., to move and rotate the
game pieces in the desired position within the playing field).

Different game rules for constructing math operations were developed, for the two levels of
complexity (easy and difficult level). In order to construct these game rules, we performed
a cognitive task analysis. In short, our cognitive task analysis included: 1) identification of
the cognitive skills to be utilized in the performance of tasks, (this was based on Bloom’s
(1994) taxonomy of the cognitive domain); 2) creation of levels of complexity per each cog-
nitive skill required; 3) and, finally, requirement extraction for the cognitive learning task
and performance assessment.

Overall, the level of complexity for this learning task was chosen to be based on the level
of element interactivity in solving equations, according to the cognitive load theory (i.e.,
example of low element interactivity is x = 2+3; example of high element interactivity: x + 3
= 5) (Sweller & Chandler 1994; Chandler & Sweller, 1996).

Psychomotor learning task

Behavioral modeling was designed to be a demonstration of a psychomotor task. Psycho-
motor tasks deal with learning objectives, which most often relate to some muscular or
motor skill acquisition. Therefore, a version of Tetris was self-constructed, where partic-
ipants had to perform specific hand movements. Thus, we developed a version of Tetris
game where a player had to follow a set of (self-constructed) game rules on how to perform
specific hand movements. Performing these set of hand movements was a prerequisite, in
order to accomplish certain game actions (i.e., to move and rotate the game pieces in the
desired position within the playing field).

Different sets of hand movements were developed, for the two levels of complexity (easy
and difficult level). In order to construct these game rules, we performed a psychomo-
tor task analysis. In short, our psychomotor task analysis included: 1) identification of the
motor skills to be utilized in the performance of tasks, (this was based on Bloom’s (1994)
taxonomy of the psychomotor domain); 2) creation of levels of complexity per each motor
skill included; 3) and, finally, requirement extraction for the psychomotor learning task
and psychomotor performance assessment.
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Overall, the level of complexity for this learning task was chosen to be based on the level
of familiarity with the psychomotor movements required (i.e., whether participants had a
pre-constructed mental model of a specific movement prior to this game).

Artificial modeling

Both cognitive and behavioral modeling were presented to participants in the form of
instructional videos. Since the on-screen visibility of the artificial model was one of the
study’s between subject factors, we designed the same instructional videos with and without
the visual presence of the artificial agent.

The instructional video, in which the artificial model was visually present was split into
the following two screens: The right-hand side of the screen consists of an artificial agent
demonstrating, while providing verbal instructions on how to play Tetris in two different
ways of interaction: how to move and rotate the game pieces to the desired position, 1) by
performing hand movements (i.e., behavioral modeling); and, 2) by solving specific math
operations (i.e., cognitive modeling). On, the left-hand side of the screen, participants
observed the effects of the model’s “real-time actions” on the computer system (i.e., a game
piece that has been rotated clockwise as a result of the agent’s physical or cognitive activity).
Figures 4 shows screenshots of the videos for the cognitive and behavioral modeling were
the agent is visible on-screen (for details see artificial agent’s modeling of cognitive task and
psychomotor task).

The other set of instructional videos was identical with the only difference being that
there was no artificial agent visible on-screen. Thus, participants in this condition were
provided with the same verbal instructions (i.e., how to move and rotate game pieces by
either performing hand movements or solving math operations), and effects of the model’s
“real-time actions” on the computer system (i.e., the effects of the agent’s “real-time actions”
on the game). However, participants could not observe the artificial model on-screen
demonstrating the task. Figure 5 shows screenshots of the videos for the cognitive and
behavioral modeling respectively were the agent was not visible on-screen (for details see
no-agent modeling of cognitive task and psychomotor task).
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Lines: O

Figure 4 Artificial agent’s modeling: a) psychomotor task: the agent demonstrates how a block is rotated by turning
the palm upwards and then downwards; b) cognitive task: the agent demonstrates how a block is rotated by solving
math equations (in this figure the agent explains that the line score is 0).
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Figure 5 No-agent modeling: a) psychomotor task: a non-visible agent demonstrates a block is rotated by turning
the palm upwards and then downwards; b) cognitive task: demonstrates how a block is rotated by solving math
equations.
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Apparatus

The current study employed a 3D animated artificial agent, which was created using the
iClone 7 software. According to guidelines from past literature, the artificial agent was
designed to resemble participants’ various characteristics (Plant Baylor, Doerr & Rosen-
berg-Kima, 2009; Rosenberg-Kima, Baylor, Plant & Doerr, 2008). As participants of this
study were mainly young individuals, the agent was designed to look young (~25 years),
attractive (i.e., agent’s facial features) and “cool” (i.e., agent’s clothing and hairstyle).

In addition, web cameras were used to record the participants’ task performance of the
psychomotor learning task.

Measures

Task performance: Participants skill-based learning was assessed with a self-constructed
performance assignment. This performance assignment made use of screenshots of a Tetris
game in action (for an example of a screenshot see Figure 6). Specifically, there were four
performance assignments per learning task (cognitive and psychomotor), which equalled
to two assignments for each of the two levels of complexity (easy, difficult). In total, there
were eight performance assessments per participant (for details see cognitive performance
assignment and psychomotor performance assignment).

These assignments provided participants with a specific game mission every time (i.e.,
“move this Tetris block 3 times to the right”), which was different from the demonstration
they watched. For both types of tasks, the performance assignments and given missions
were the same (though their expected answers were obviously different). Participants were
requested to follow the video instructions in order to accomplish it (i.e., by performing the
correct hand movements for the task and by performing the right math operations for the
cognitive task). The hand movements of participants in the performance assignment were
captured by a web camera, while in the case of the cognitive performance assignment, par-
ticipants were asked to write down the math operation process and the final result.

Task performance of these assignments was assessed using task accuracy (i.e., the number
of errors) as a performance indicator. In more details a scoring system was developed for
both tasks by breaking each task down to its comprised steps. Therefore, if all the identified
steps were performed exactly as instructed, the performance was scored as correct (re-cod-
ed as 2); if one or more of these steps were either incorrectly performed or not performed
at all, the performance was scored as wrong (re-coded as 0). Nonetheless, according to the
scoring system that we developed, there were some cases that have been assessed as “half
correct” (and thus recorded as 1). The specific rules that allowed a performance to be scored
as half-correct was based on the idea that one had understood the essence of the task at
hand (psychomotor and cognitive) and mistakes were only trivial and not core to the task.
Participants’ final score (for both psychomotor task and cognitive task) was the sum of the
two given assignments for each level of complexity.
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Figure 6 Example of a task performance assignment screenshot. Participants were asked to demonstrate how they
would make this piece move for both types of task (e.g., 3 times to the right).

Self-efficacy: participants’ self-efficacy per each type of task (psychomotor, cognitive) and
each level of complexity (easy and difficult) was assessed by asking participants to answer
one question regarding their perceived ability to perform the task (psychomotor or cog-
nitive). Participants could choose an option on a 7-point rating scale, ranging from 1 to
7 (i.e., easy level: “I believe I have the ability to move a Tetris block left and right using the
math equations presented in the instructional video” for the cognitive task; “I believe I have
the ability to rotate a Tetris block clockwise and counterclosckwise using the hand gestures
presented in the instructional video” for the psychomotor task).

Recall: Participants’ recall of the instructions was assessed with a recall test consisted of four
self-constructed multiple-choice questions for both cognitive (i.e., What is the math oper-
ation for moving a block to the right?) and psychomotor task (i.e., What is the hand gesture
for moving a block to the right?). Participants could select one correct answer out 5 options,
with one being “I do not know” (see Appendix B.1 for the recall test for both cognitive and
psychomotor task). The two recall tests were constructed to be as comparable as possible
in terms of questions; however due to the different nature of the cognitive and psychomo-
tor domain from which the tasks were derived the answers to most of the questions differ.
Participants’ answers were either correct (re-coded as 1), or wrong (re-coded as 0). Par-
ticipants’ final score (for both psychomotor task and cognitive task) was the sum of their
correct answers for each level of complexity.

Affective beliefs: Participants™ affective beliefs were assessed by asking participants to an-
swer two sets of items for each task (psychomotor, cognitive), measuring: 1) their affect
towards the instructional material; 2) their affect towards the (artificial) instructor. Both
these components of affective learning contained three questions each and were adminis-
tered through a 7-point semantic differential scale (Andersen, 1979) (constructed (see Ap-

pendix B.1 for the items on these scales). We constructed reliable measures of participants’
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affect towards the instructional material (Cronbach’s a = 0.86) and towards the (artificial)
instructor (Cronbach’s a = 0.88) for the psychomotor task by averaging participants’ an-
swers to each set of questions. Similarly, we constructed reliable measures of participants’
affect towards the instructional material (Cronbach’s a = 0.86) and towards the (artificial)
instructor (Cronbach’s a = 0.88) for the cognitive task by averaging participants’ answers to
each set of questions.

Procedure

After being welcomed in the main hall of the lab building, participants were asked to read
and sign the study’s informed consent form. Then, participants were randomly assigned to
one of the two experimental conditions (visual presence of the artificial model vs. absence
of the artificial model).

All participants watched instructional videos on how to play the Tetris game in two differ-
ent ways (hand movements for the psychomotor task and math operations for of a cognitive
task), which were randomly presented in a successive fashion. Given that there were two
types of tasks, psychomotor and cognitive) of a different level of complexity (easy and diffi-
cult), each participant was requested to watch four instructional videos in total (psychomo-
tor-easy, psychomotor-difficult, cognitive-easy, and cognitive-difficult).

After the end of each video, participants were given two performance assignments per com-
plexity level and they were requested to show what they have learned in practice. After the
end of each task, participants were required to fill in a questionnaire and then to answer to
a recall test. Figure 7 illustrates the experimental procedure. Lastly, they were debriefed and
compensated for their participation.

. CEgnj;we ” Performance | . | Cognitive task video Performance Affective Recall
?esas_;llesgl} assignment | 2 (difficult level) assignment guestionnaire test
Motor ¢ :
.k widod Performance Motor_task_video 2 A e — Affective Recall
?jas_;ilesgi}l assignment (difficult level) assignment questionnaire test

Figure 7 Study’s experimental procedure with the two types of task (cognitive and psychomotor) and the two levels
of complexity (easy and difficult).
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3.2.2 Results

First we tested H1, pertaining to whether the effect of the visual presence of the artificial
model on individuals’ a) task performance b) self-efficacy, c) recall and d) affective beliefs is
larger for the psychomotor task (i.e., behavioral modeling) than for the cognitive task (i.e.,
cognitive modeling).

Next, we continued with H2, examining whether the effect of the visual presence of the arti-
ficial model on individuals’ task performance is larger for the difficult level of psychomotor
task than for the easy level of psychomotor task, and whether this difference disappears for
the cognitive task.

Due to the fact that we created two levels of complexity per learning task, for task compa-
rability reasons, we included task complexity as a within-subject factor to all our analyses
(with the exception of the analysis of affective beliefs, as they were measured for each learn-
ing task as a whole (see Figure 7).

Testing the interaction between the artificial model’s on-screen visibility and type of
task on learning (H1).

To test H1, our experimental design consisted of two, within subject factors (type of task
and level of task complexity) and one, between subject factor (visibility of the artificial
model), thus, a 3-way mixed ANOVA analysis was conducted for the first three dependent
variables. However, since two variables of affective beliefs were measured (teacher liking
and content liking), a 2-way mixed MANOVA analysis was conducted for our fourth de-
pendent variable. Below we discuss the results of our analyses.

a) Task performance: In line with hypothesis 1a, we found a significant interaction effect
between visibility of the artificial model and type of task for task for performance, F(1,
130) = 35.155, p < .001, np* = .213. This indicates that the agent’s presence resulted in
different changes of task performance scores, depending on the type of task (= type of
modeling).

Specifically, as expected, separate independent t-tests revealed a significant difference
in performance scores for the psychomotor task when the artificial model was visually
present (N =67, M = 1.8, SD = .25) as compared to when it was absent (N = 65, M = 1.2,
SD = .61), t(136) = 8.120, p < .001. However, there was no significant difference found
under the condition of the cognitive task where the artificial model was visually present
(N =67, M = 1.1, SD= .68) and when it was absent (N = 65, M =1.2, SD = .71), t(136) =
-.697, p = .48.

b) Self-efficacy’: In line with our hypothesis 1b, we found a significant interaction effect

*There was no significant interaction effect between visibility of the artificial model, type of task and level of com-
plexity for self-efficacy, (1, 136) =.694, p = .40.
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between visibility of the artificial model and type of task for self-efficacy, F(1, 136) =
36.05, p < .01, np” = .067. This indicates that the agent’s visual presence provoked differ-
ent changes in self-efficacy responses depending on the type of task (psychomotor or
cognitive).

Specifically, as expected, separate independent t-test analyses revealed a significant
difference in self-efficacy for psychomotor task were the artificial model was visually
present (N = 69, M = 6.5, SD = .91), as compared to when it was absent (N = 69, M =
5.8, SD = .94), t(136) = 4.248, p < .001. Moreover, in line with H1b, results provided
no evidence for a significant difference in self-efficacy for the cognitive task when the
artificial model was visually present (N = 69, M = 5.9, SD = 1.0) versus when it was not
visually present (N =69, M =5.7, SD = 1.17), t(136) = .377, p = .70.

¢) Recall'%: Our hypothesis 1c was not supported for recall, as we did not find evidence
for a significant interaction effect between visibility of the artificial model and type of
task for recall, F(1, 136) = 2.954, p=.09. This indicates that the visual presence did not
provoke different recall responses regardless of the type of task.

Main effects: There was a significant main effect of type of task F(1,136) = 51.746, p
< .001, np* = .276. This is, participants showed higher recall after receiving cognitive
modeling (M =951, SE = .011) than after receiving behavioral modeling (M = .746, SE
=.026). There was no main effect of the level of complexity found, F(1, 136) = 2.024, p
=.15. What is more, there was also a significant main effect of visibility of the artificial
model F(1,136) = 5.507, p = .02, np” = .039. This is, regardless of type of task, participants
scored higher when the artificial model was not visually present (M = .882, SE = .02)
rather than when it was visible (M = .815, SE = .02).

d) Affective beliefs: In line with our hypothesis 1d, we found a significant interaction
effect between visibility of the artificial model and type of task for the two dependent
variables combined, Wilk’s A = .771, F(2,135) = 19.992, p < .001, np” = .229. Univariate
tests revealed that there is a significant interaction effect on both teacher liking, F(1, 136)
=39.994, p <.001, np’ = .227, and content liking, F(1, 136) = 21.030, p < .001, np* = .134.
This indicates that the agent’s visual presence provoked different changes in affective
responses depending on the type of task. Separate univariate ANOVAs revealed a sig-
nificant difference between the two conditions on teacher liking, F(1, 136) = 12.583, p =
.001, np® = .085, and content liking, F(1, 136) = 25.776, p < .001, np* = .159.

Specifically, as expected by H1b, independent t-test analyses revealed a significant dif-
ference in teacher liking for behavioral modeling were the artificial model was visually
present (N =69, M =5.4,SD = 1.1) as compared to when it was not visually present (N
=69, M=43,SD=1.1), #(136) = 5.696, p < .001. In line with H1b, we did not find a

%There was no significant interaction effect between visibility of the artificial model, type of task and level of com-
plexity for recall, F(1, 136) = .681, p = 41.
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significant difference in teacher liking for the cognitive task between the agent’s visual
presence condition (N = 69, M = 5.2, SD= .92) and no-presence condition (N = 69, M
= 5.2, SD = .95), #(136) = -.091, p = .92. Similarly, we found a significant difference
in content liking for the psychomotor task between the agent modeling condition (N =
69, M =5.5, SD = 1.1) and no-agent modeling condition (N = 69, M = 4.3, SD = 1.2),
#(136) = 6.176, p < .001. In line with H1b, results showed a non-significant difference
in content liking for the cognitive task where the artificial model was visually present
(N=69, M=5.4, SD=.97) and when it was absent (N = 69, M =5.2, SD = .91), #136)
=1.650,p=".1.

Overall, in line with H1, our results revealed that learners provided with a psychomotor
task (behavioral modeling) from an on-screen artificial agent had better task performance,
and they further reported higher self-efficacy and affective beliefs, as compared to learners
who received the same instructions but without the artificial model being visible to them.
To the contrary, as expected, under the condition of a cognitive task (cognitive modeling),
the visual presence of the artificial model was not found to influence learners’ task perfor-
mance, self-efficacy and affective beliefs. Regarding recall, contrary to H1, current findings
suggested that that regardless of the type of task, learners scored higher when the artificial
model was not visually present.

Testing the interaction between the artificial model’s on-screen visibility, type of task
and task complexity on task performance (H2).

To test H2, our experimental design consisted of two, within subject factors (type of task
and level of task complexity) and one between subject factor (visibility of the artificial mod-
el), thus, a 3-way mixed ANOVA analysis was conducted for task performance.

In line with our second hypothesis, we found a significant interaction effect between visi-
bility of the artificial model, type of task and level of complexity for task performance, F(1,
130) = 17.41, p < .001. This finding indicates that participants scored differently for the two
levels of complexity depending on whether the model was visually present or not and de-
pending on type of task (psychomotor or cognitive).

Following, as expected, we found a significant interaction effect between visibility of the
artificial model and level of complexity for the psychomotor task on task performance, F(1,
130) = 38.93, p < .001. To the contrary, but as expected, we did not find a significant inter-
action effect between visibility of the artificial model and level of complexity for the cog-
nitive task for task performance, F(1, 130) = .48, p = .49. This result indicates that only for
the psychomotor task, participants performed differently for the two levels of complexity
depending on whether the model was visually present or not. Further, for the psychomotor
task, separate independent t-test analyses for the easy level revealed a significant difference
in performance scores when the artificial model was visually present (N = 68, M = 3.7, SD
=.71) as compared to when it was absent (N = 66, M = 3.2, SD = 1.25), #(132) = 2.459, p =
.015. Similarly, we found a significant difference in performance scores for the difficult level
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of the psychomotor task between the agent modeling condition (N = 69, M = 3.8, SD = .60)
and no-agent modeling condition (N = 68, M = 1.6, 2, SD = 1.87), t(135) = 9.124, p < .001.

3.2.3 Discussion

Taking the stance that an artificial agent can become a facilitator of learning underspecific
conditions, in Study 1 we argued that the benefit of an artificial model’s visual presence for
learning is conditional on the type of learning task to be modelled. This is, the type of learn-
ing task (i.e., cognitive or psychomotor) is a critical factor of whether an artificial model is
considered relevant and, therefore, supplemental to the instruction, or irrelevant to it and,
thus, a distractive or unnecessary additive.

Consequently, our first hypothesis (H1) was that the effect of the visual presence of the ar-
tificial model on individuals’ learning-related outcomes (task performance, self-efficacy, re-
call and affect) would be larger for psychomotor tasks (behavioral modeling) than for cog-
nitive tasks (cognitive modeling). Results of Study 1 supported our first hypothesis for all
learning outcomes, except for recall. In other words, findings revealed that when it comes
to the demonstration of a psychomotor task (behavioral modeling), the visual presence of
the artificial model enhanced learners’ task performance, self-efficacy and affective beliefs,
as compared to those who received the same instructions but without the artificial model
being visible to them. Furthermore, and in line with our reasoning leading to H1, under the
condition of a cognitive task demonstration (cognitive modeling), the visual presence of the
artificial model was not found to influence individuals’ learning outcomes. These findings
support the study’s argument that the additional value of the presence of the artificial model
depends on the learning task to be modelled. We anticipated that when it comes to behav-
ioral modeling the visual presence of an artificial model would be helpful, as it facilitates the
construction of a mental model of the specific psychomotor task by providing a prototype.
However, for cognitive modeling, which pertains to purely cognitive tasks where actions
are not readily observable, the artificial model’s visual presence is decorational and, thus,
unnecessary. What is more, the level of task complexity was found to be a crucial factor re-
garding learning through artificial behavioral modeling. In line with our second hypothesis
(H2), our findings revealed that, for the psychomotor task, the effect of the artificial model’s
visual presence was larger for the difficult level than for the easy level. Thus, the findings
confirm our initial argument. That is, as the level of complexity of a psychomotor task in-
creases, the visual information provided by the artificial model becomes more important
for learners’ construction of a more accurate mental model of the task, and, consequently,
for better task performance.

One of the main concerns in the literature is that the inclusion of an artificial agent may
create more extraneous cognitive load (i.e., the type of load resulted from the way the learn-
ing material is presented), as it requires the participant to process additional information.
The current study’s findings help reduce such concerns by showing that an artificial agent
is beneficial in enhancing learners’ task performance, motivational and affective beliefs, but
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only under specific conditions (i.e., the type of learning task that it models), in which their
visual presence facilitates learners’ cognitive processes (i.e., construction of a more accurate
mental model of a given task). What is more, the study’s results provide evidence that un-
der certain conditions (i.e., increased difficulty of a psychomotor task being modelled), the
visual presence of an artificial agent becomes even more important for improving learners’
physical skills (i.e. task performance). However, in this study we did not examine the effect
of the visibility of the artificial model and type of task on cognitive load. Future research
might expand the findings by taking into consideration the interplay of the visibility of the
artificial model and type of task on learners’ cognitive load.

Nonetheless, contrary to our hypothesis, findings showed that, regardless of type of mod-
eling received, participants had better recall of the instructions when the artificial model
was not visually present, rather than when it was. This surprising result may be explained in
light of cognitive load theory and its concept of the redundancy effect (Sweller et al., 2011).
This effect may occur when multiple sources of information can be understood separately
without the need for mental integration. Hence, it might be that under the condition of be-
havioral modeling, the artificial model’s visual demonstration was redundant for recalling
task instructions and it might have caused an unnecessary increase of extraneous cognitive
load. Therefore, its visual presence might have inhibited participants’ cognitive processing
of the auditory narration of the task. To the contrary, this was not the case for individuals’
task performance of the psychomotor task. We argue that in this case, optimum task per-
formance was based on the successful integration of the two types of information provided:
the visual demonstration and the auditory narration. Thus, no or little extraneous cognitive
load was created. Future work might further examine whether a redundancy effect could
explain the study’s unexpected finding.

Other opportunities for further research include the study’s learning material. In the current
study we created two variations of the Tetris game to reflect the two types of learning task
to be demonstrated (psychomotor and cognitive). Although participants were not familiar
with these two versions, they were all familiar with the fundamental rules of the original
Tetris game (i.e., how to move and rotate game pieces). Future research might examine the
impact of the visual presence of an artificial model on learning using other learning materi-
al (i.e., different or unfamiliar to the participants), which might further enhance the learn-
ing effect of a visually present artificial model. Furthermore, the current study’s population
mainly comprised young students with a high level of computer literacy. Future research
might examine the effect of the artificial model’s visibility and type of task on learning to a
population with other individual characteristics (i.e., with low computer literacy). Next, the
study only tested such an effect on learner’ short-term learning outcomes. Further assess-
ment of this effect on long-term learning outcomes is suggested.

3.3 Study 2
In Study 1, we tested the type of instructional task (cognitive and psychomotor) in conjunc-
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tion with the presence or the absence of an artificial model for learning. Findings showed
that for psychomotor tasks, unlike for cognitive tasks, the visual presence of an artificial
model was beneficial, increasing learners’ task performance, self-efficacy and affective be-
liefs. The findings were in accordance with our hypothesis, which was based on the notion
that behavioral modeling helps the learner to construct a mental model of the specific psy-
chomotor task by providing a prototype. To the contrary, and as expected, this was not the
case for cognitive modeling. This is because, as we claim, for cognitive modeling the rele-
vant performed actions are of a cognitive nature and thus for a third party unobservable,
making the artificial model’s visual presence unnecessary.

Thus, in Study 1, it was implicitly assumed that the visual presence of the artificial agent has
a different effect on learners’ cognitive processes depending on the type of task it models.
However, this argument has not been tested explicitly. This omission led to the current,
follow-up study that aims not only to replicate but also to extent findings, by examining
whether learners’ performance-related cognitive load does change depending on the match
between the visibility of the artificial model and the type of task.

According to cognitive load theory, cognitive load can either be intrinsic, that is, caused by
the difficulty of the material itself, or extraneous, that is, due to its presentation (Kalyuga,
2011). The main concern in the literature is that the inclusion of an artificial agent may
create more extraneous cognitive load, as it requires the participant to process additional
information. It has been suggested that an artificial agent’s properties (i.e., appearance, fa-
cial expressions, gestures, voice) could create an information rich display that could over-
whelm a learner’s working memory and decrease learning (Clark and Choi, 2007; Mayer &
Moreno, 1998). On the other hand, it is argued that the features of artificial agents improve
learner motivation and interest by creating a social agency environment (Atkinson, Mayer,
& Merrill, 2005; Mayer, Sabko, & Mautone, 2003). A recent systematic review by Schroeder
and Adesope (2014) found no clear direction among studies on cognitive load and artificial
agents. The authors concluded that further research needs to be conducted to understand
the impact that artificial agents have on cognitive load. Overall, in this Study 2, we posit that
the visual presence of the artificial model helps learners construct an adequate cognitive
representation of a psychomotor task, but it does not provide any additional benefit for a
cognitive task.

What is more, in Study 1, contrary to our hypothesis, results showed that, regardless of the
type of task, learners’ recall of the instructions was increased when the artificial model was
not visually present. Cognitive load theory and its concept of redundancy effect (Sweller et
al., 2011) was suggested to explain this unexpected finding. That is, it might be that under
the condition of behavioral modeling, the artificial model’s demonstration was redundant
for recalling the verbal instructions and it might have caused an unnecessary increase of
extraneous cognitive load (see Study 1). To the contrary, we further argue that this is not
the case for the task performance of the psychomotor task. That is because, as we claim,
optimal task performance is based on the successful integration of both types of infor-
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mation provided by the artificial model: the visual demonstration and verbal instructions.
Consequently, no or little extraneous cognitive load is created. In Study 2 we seek to explore
whether the redundancy effect explains this unexpected finding on recall.

Taking into consideration all of the above, the goals in the present Study 2 are threefold:
firstly, we will replicate parts of the Study 1 and test the interaction effect between the vis-
ibility of the artificial agent and the type of task on task performance and recall. Our first
hypothesis is that the positive effect of the visual presence of the artificial model on indi-
viduals’ task performance is larger for a psychomotor task than for a cognitive task (H1a).
We further expect that, regardless of the type of task, learners’ recall is better when the ar-
tificial model is not visually present. (H1b). Next, the study’s second goal is to examine the
interaction effect between the visibility of the artificial model and type of task on learners’
perceived cognitive load of their task performance. Our second hypothesis is that the visual
presence of the artificial agent reduces leaners’ cognitive load for the psychomotor task
performance but not the cognitive task performance (H2). The study’s third goal is testing
the effect of the visibility of the artificial model on perceived cognitive load of the recall test
for the psychomotor task. We expect that the visual presence of the agent increases learners
cognitive load related to recall in the psychomotor task (H3).

Lastly, in the literature, the role between cognitive load and test performance remains un-
clear. According to Kirschner’s (2002) proposition, test performance is determined by cog-
nitive load. This appears to be in accordance with the very essence of the cognitive load the-
ory itself, which claims that increased cognitive load may negatively impact performance
and vice versa (Sweller, Ayres & Kalyuga, 2011). Nonetheless, to the best of our knowledge,
the implied mediating role of cognitive load in the relation between instruction and per-
formance has not been empirically tested. Therefore, for exploratory reasons, we examine
whether cognitive load mediates the effect of the visibility of the artificial model on task
performance and recall for the psychomotor task.

3.3.1 Method
Participants and design

A total of 97 individuals participated in the study. Participants were recruited using a local
participant database, and most of them were students from Eindhoven University of Tech-
nology. Of these participants, 51 were males and 46 were females. The age of the sample
ranged from 18 to 33, with a mean age of 23 (SD = 2.9). Most of the participants were
students at a Bachelor and Master level. The study employed a 2 x 2 factorial design with
on-screen visibility of the artificial model (visual presence vs. absence) as a between-subject
factor, type of task (psychomotor vs. cognitive) as a within-subject factor. The study’s de-
pendent variables were task performance, recall, and cognitive load. Inclusion criteria were
participants’ fluency in English and familiarity with the Tetris game. The duration of the
study was approximately 30 minutes, for which participants received €5 as compensation
for their participation.
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Materials
Artificial modeling

In the same way as in Study 1, participants were presented with an artificial agent modeling
both a psychomotor and a cognitive task. Both cognitive and behavioral modeling were
presented to participants in the form of instructional videos. Since the on-screen visibility
of the artificial model was one of the study’s between subject factors, the same instructional
videos were designed with and without the visual presence of the artificial agent (for more
details on the construction of the instructional videos and the artificial agent see Study 1).

The instructional video in which the artificial agent was visually present was split into the
following two screens: The right-hand side of the screen consists of an artificial model
demonstrating, while providing verbal instructions on how to play the Tetris game in two
different ways of interaction: how to rotate the game pieces to the desired position, 1) by
performing hand movements (i.e., behavioral task); and, 2) by solving specific math oper-
ations (i.e., cognitive task). On, the left-hand side of the screen, participants observed the
effects of the model’s “real-time actions” on the computer system (i.e., a game piece that has
been rotated clockwise as a result of the agent’s physical or cognitive activity).

The other instructional video was identical with the only difference being that there was no
artificial agent visible on-screen. Thus, participants in this condition were provided with
the same verbal instructions (i.e., how to rotate game pieces by either performing hand
movements or solving math operations), and effects of the model’s “real-time actions” on
the computer system (i.e., the effects of the agent’s “real-time actions” on the game). How-
ever, in this video, participants could not observe the artificial model on-screen demon-
strating the task.

Measures

Task Performance test: A participant’s performance for both psychomotor and cognitive
task was measured with the use of a performance test developed in Study 1. Both task per-
formance tests contained two exercises each, asking participants to rotate Tetris game piec-
es in a specific way, according to the artificial model’s instructions. Task accuracy (i.e., the
number of errors) was used as a performance indicator. Participants’ final score (for both
psychomotor task and cognitive task) was the sum of the two given exercises. Performance
was scored as correct (re-coded as 2); as wrong (re-coded; and as ed as “half correct” (re-
corded as 1) (for more information on the task performance scoring system, see Study 1).

Recall test: A participant’s recall of the video instructions was measured with a use of a recall
test. The recall test consisted of five self-constructed gap filling questions (see Appendix B.2)
and two self-constructed multiple-choice questions for both cognitive (“What is the math
operation for rotating a block clockwise /anticlockwise?”) and psychomotor task (“What is
the hand gesture for rotating a block clockwise anticlockwise?”) (the two multiple-choice
questions were derived from Study 1). Participants could select one correct answer out
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five options, with one being “I do not know”. The two recall tests were constructed to be
as comparable as possible in terms of questions; however due to the different nature of the
cognitive and psychomotor domain from which the tasks were derived the answers to most
of the questions differ. Participants’ final score (for both psychomotor task and cognitive
task) was the sum of the gap filling and multiple-choice questions. Participants’ answers
were either correct (re-coded as 1), or wrong (re-coded as 0).

Cognitive load: A participant’s cognitive load related to the task performance for both types
of task and related to the recall test for psychomotor task, was measured in the same way.
This is with the use of the subjective measures of perceived mental effort, task difficulty and
extraneous cognitive load.

First of all, we measured participants’ subjective mental effort by using three of the six sub-
scales of the NASA-Task Load (NASA-TL) Index (Hart & Staveland, 1988) that measure
factors associated with completing a task: (1) mental demands 2) effort and 3) frustration
level. The resulting three-item scale ranged from 1 (very little) to 7 (very much). Secondly,
we measured subjective task difficulty by Kalyuga, Chandler and Sweller’s (1999). This is a
three-item scale ranging from 1 (not at all the case) to 10 (completely the case). These two
scales of mental effort and task difficulty are the most often applied measure for assess-
ing cognitive load (Sweller, Ayres and Kalyuga, 2011). Thirdly, we administered the three-
item extraneous cognitive load scale, ranging from 0 (not at all the case) to 10 (completely
the case), developed by Leppink et al., (2013). We use these three scales in the following
ways: for cognitive load related to task performance, we constructed reliable measures of
participants’ mental effort (Cronbach’s a = 0.75), task difficulty (Cronbach’s a = 0.81) and
extraneous cognitive load (Cronbach’s a = 0.8) by averaging participants’ answers to each
set of questions. Overall, due to the fact that the items of the three scales were highly cor-
related, we constructed an overall scale comprised of the three subscales measuring cog-
nitive load for performance (Cronbach’s a = 0.88) (see Appendix B.2 for the items on this
scale). Similarly, for cognitive load related to recall of the psychomotor task, we were able
to construct reliable measures of participants’ mental effort (Cronbach’s a = 0.8), task diffi-
culty (Cronbach’s a = 0.79) and extraneous cognitive load (Cronbach’s a = 0.8) by averaging
participants’ answers to each set of questions. Overall, due to the fact that the items of the
three scales were highly correlated, we constructed an overall scale comprised of the three
subscales measuring cognitive load for recall in the psychomotor task (Cronbach’s a = 0.88)
(see Appendix B.2 for the items on this scale).

Procedure

Participants were invited per email and welcomed in the central hall of the lab building. Af-
ter arrival, participants were first asked to read and sign an informed consent form, stating
the general purpose of the research and their willingness to participate in the study. Then,
they were randomly assigned to one of the two experimental conditions (visual presence of
the artificial model vs. absence of the artificial model).
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Next, participants watched the two instructional videos on how to play the Tetris game in
two different ways (hand movements for the psychomotor task and math operations for of
a cognitive task) that were randomly presented in a successive fashion. After each video,
participants completed a task performance test, and answered a set of items about the cog-
nitive load they experienced in completing the task performance test. Next, they filled in a
recall test and lastly, used for the psychomotor task, they completed a set of items about the
cognitive load they experienced in completing the recall test (cognitive load in completing
the recall test for the cognitive task was measured as well, but is not reported here since we
have no hypothesis about it in this study). Figure 8 illustrates the experimental procedure.
Finally, participants were debriefed, paid and thanked for their contribution.

Motor task Task Cong:'.re f':'_ad Cognitive foad
id Performance guestionnaire Recall test Gliesionnaire
e for task
test for recall test
performance
N % J N
"
e Task Cognitive load
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task video Performance g
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Figure 8 Study’s experimental procedure (psychomotor and cognitive tasks were presented in random order).

3.3.2 Results

Our experimental design consisted of one within subject factor (type of task) and one be-
tween-subject factor (visibility of the artificial model). First, we tested H1(a), pertaining
to whether the effect of the visual presence of the artificial model on individuals’ task per-
formance is larger for the psychomotor task (i.e., behavioral modeling) than for the cog-
nitive task (i.e., cognitive modeling). Additionally, we investigated whether learners’ recall
is better when the artificial model is not visually present. (H1b). Next, we continued with
H2, testing whether the effect of the visual presence of the artificial model on individuals’
cognitive load is larger for the psychomotor task performance than for the cognitive task
performance. Lastly, the effect of the visibility of the artificial model on perceived cognitive
load related to the recall of the psychomotor task was examined (H3).

To test H1(a), a 2-way mixed ANOVA analysis was conducted for task performance. In line
with hypothesis 1a, we found a significant interaction effect between visibility of the artifi-
cial model and type of task on task performance, F (1, 93) = 26.13, p <.001, np® = .219. This
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indicates that the agent’s presence resulted in different changes of task performance scores,
depending on the type of task (= type of modeling). Specifically, as expected, separate in-
dependent t-tests revealed a significant difference in performance scores for psychomotor
task when the artificial model was visually present (N =48, M = 3.6, SD = 1.34) as compared
to when it was absent (N = 47, M = 1.6, SD = 63), t(93) = -10.42, p < .001. However, there
was no significant difference found under the condition of the cognitive task where the ar-
tificial model was visually present (N = 47, M = 2.3, SD = 1.55) and when it was absent (N
=48, M = 2.1, SD = 1.68), (95) = -.952, p = .34.

To test H1(b), a 2-way mixed ANOVA analysis was conducted for the recall test!!. Con-
trary to our hypothesis, we did not find a significant main effect of visibility of the artificial
model on recall F (1,95) = 1.133, p = .29. This is, the visual presence of the artificial model
did not have any impact, (neither positive nor negative) on participants’ recall. Following,
we found a significant main effect of type of task on recall F(1,95) = 55.95, p <.001, np*> =
.217. That is, participants showed higher recall after receiving cognitive modeling (M =
5.49, SD = 1.46) than after receiving behavioral modeling (M = 4.42, SD = 1.75). Lastly, in
accordance with the findings of our Study 1, we did not find a significant interaction effect
between visibility of the artificial model and type of task on recall, F(1, 95) = .880, p = .35.
This indicates that the visual presence did not provoke different recall responses for the two
types of task.

To test H2, a 2-way mixed ANOVA analysis was conducted for cognitive load related to task
performance!2. In line with our second hypothesis, we found a significant interaction effect
between visibility of the artificial model and type of task on cognitive load related to task
performance, F(1, 95) = 12.39, p < .01, np® = .115. This indicates that the agent’s presence
resulted in different changes of cognitive load perceptions, depending on the type of task
participants performed. Specifically, as expected, separate independent t-tests revealed a
significant difference in cognitive load perceptions for psychomotor task when the artificial
model was visually present (N = 48, M = 1.8, SD = .99) as compared to when it was absent
(N=49,M =31, SD = 1.5), t(95) = 4.545, p < .001. However, there was no significant dif-
ference found on cognitive load of task performance under the condition of the cognitive
task where the artificial model was visually present (N = 48, M = 3.0, SD = 1.17) and when
it was absent (N =49, M =3.1, SD = 1.26), t(95) = .38, p = .70.

To test H3, an independent-samples t-test analysis was conducted for cognitive load related
to recall test of the psychomotor task. Contrary to our hypothesis, there was no significant
difference found on cognitive load of recall of the psychomotor task where the artificial
model was visually present (N = 48, M = 3.4, SD = 1.30) and when it was absent (N =49, M

"Results were similar when an analysis was conducted on recall, measured with either only multiple-choice ques-
tions or only the gap-filling questions.
12Results were similar when an analysis was conducted on cognitive load, measured as either mental effort, task
difficulty or extraneous cognitive load.
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=3.5, SD = 1.68), t(95) = .22, p = .82. Thus, the visual presence of the artificial model was
not found to have any impact, (neither positive nor negative) on participants’ cognitive load
experienced in completing the recall test of the psychomotor task.

Mediation analysis

Our aim was to explore whether cognitive load could explain part of the anticipated effect
of the visibility of the artificial model on task performance and recall of the psychomotor
motor task. Since we found no significant difference of the visibility of the artificial model
on recall, we conducted a mediation analysis only for psychomotor task performance.

A mediation analysis was conducted, using dummy coding-artificial model’s visual pres-
ence and absence. The analysis was performed using the PROCESS custom dialog for SPSS,
as developed by Hayes (2018). The results are reported in Figure 9. Below we provide a
summary of the main findings.

The analysis showed the visibility of the artificial model was a significant predictor of the
psychomotor task performance R? = .74, as well as of cognitive load, R> = .42. Participants’
cognitive load was not found to be significantly associated with psychomotor task perfor-
mance. Similarly, cognitive load!® was not found to mediate (part of) the effect of the visi-
bility of the artificial model on psychomotor task performance.

Visibility of artificial 2241 Motor task
model performance
Cognitive load
&“ -
ﬂ«,‘f 3
; 1746 CI [-.0402,.2853]
Visibility of artificial 2.066%** = Motor task
model <z performance

Figure 9 Mediation analysis of the difference in learners’ psychomotor task performance towards the visibility of
the artificial model (visually present vs. absent). All estimates are in unstandardized units. Based on 1000 bootstrap
samples (bias corrected), *** p < .001.

3When conducting mediation analysis measuring cognitive load with the three questionnaires separately, only per-
ceived task difficulty was found to partially mediate the effect of the visibility of the artificial model on task perfor-
mance, explaining an additional 5% of the variance in task performance.
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3.3.3 Discussion

Although the use of artificial agents in multimedia learning environments is an attempt to
enhance learning, research has produced mixed evidence for enhanced learning (Schro-
eder, Adesope & Gilbert, 2013). Hence, there is much disagreement among researchers
on whether the visual presence of an artificial agent is actually needed (Davis & Antonen-
ko, 2017).

In Study 1, we argued that an artificial agent can be beneficial to the learning process
under specific conditions. Given the potential of artificial agents to replace human mod-
els (Fountoukidou et al., 2019), Study 1 tested the type of instructional task (cognitive
and psychomotor) in conjunction with the presence or the absence of an artificial mod-
el for learning. Findings showed that for psychomotor tasks, unlike for cognitive tasks,
the visual presence of an artificial model was beneficial, increasing learners’ self-efficacy,
affective beliefs and task performance. Nonetheless, contrary to our hypothesis, results
showed that, regardless of the type of task, learners’ recall was increased when the artifi-
cial model was not visually present.

The first goal of the current, follow-up study was to replicate the effect of the interaction
between visibility of the artificial model and the type of task on task performance and
recall. Results partially supported our first hypothesis, showing that that when it comes
to the demonstration of a psychomotor task (behavioral modeling), the visual presence
of the artificial model enhanced learners’ task performance, as compared to those who
received the same psychomotor task instructions, but without the artificial model being
visually present. Furthermore, and in line with findings of Study 1, under the condition
of a cognitive task demonstration (cognitive modeling), the visual presence of the ar-
tificial model was not found to influence individuals’ task performance. These results
support the current work’s argument that the additional value of the visual presence of
the artificial model depends on the learning task to be modelled. We anticipated that
when it comes to behavioral modeling the visual presence of an artificial model would
increase task performance, as it facilitates the construction of a mental model of the spe-
cific psychomotor task by providing a prototype. However, for cognitive modeling, which
pertains to purely cognitive tasks where actions are not readily observable, the artificial
model’s visual presence is unnecessary.

Nonetheless, contrary to our first hypothesis and findings of Study 1, the visual presence
of the artificial model did not have a negative impact on learners’ recall. We attribute
this to the slight difference on how recall was measured in the two studies. In the first
study recall was measured with four multiple choice questions, since participants were
presented with four instructional videos per task. In the current follow-up study though,
only the two instructional videos were presented to participants (since we focused only
on one level of difficulty), and, therefore recall had to be measured with two multiple
choice questions (that are the same as in the first study), and with five additional gap filling
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questions!. Consequently, results do not provide evidence that the visual presence of the
artificial model increases learners’ cognitive load related to recall (H3). Future work could
make use of all four multiple-choice questions used in Study 1 to measure recall and then
retest whether the visual presence of an artificial model negatively affect learners’ recall and
whether it also increases perceived cognitive load related to recall.

Next, the current study’s second goal was to expand the findings of Study 1, by examining
the effect of the interaction between visibility of the artificial model and type of task on
learners’ cognitive load perceptions related to their task performance. Results supported our
second hypothesis, showing that that when it comes to the demonstration of a psychomotor
task (behavioral modeling), the visual presence of the artificial model decreased learners’
perceived cognitive load for the task performance, as compared to those who received the
same psychomotor task instructions, but without the artificial model being visually pres-
ent. Furthermore, and in line with findings of Study 1, under the condition of a cognitive
task demonstration (cognitive modeling), the visual presence of the artificial model was
not found to influence individuals’ perceived cognitive load with respect to the task perfor-
mance. Overall, the results showed that agents can be beneficial in decreasing cognitive load
perceptions regarding their task performance under specific conditions, like the type of task
being modelled by an artificial agent. Such results are essential given the lack of clarity of
the direction of the artificial agents’ effect on cognitive load (Schroeder & Adesope, 2014).
Nonetheless, the study does not provide evidence that artificial agents can also be a source
of increased cognitive load related to task performance for the cognitive task. We argue that
this might be because the level of complexity of the performance test we constructed for
the cognitive task (solving math operations), was not high enough for the study’s partici-
pants, the majority of whom were students at a technical university. Thus, it might be that
participants were able to ignore any distracting information in order to decrease cognitive
load (i.e., De Jong, 2010, Moreno, 2005). Therefore, future studies could increase the level
of complexity of the cognitive task to examine whether the visual presence of an artificial
model can increase cognitive load of task performance.

Lastly, in Study 2, we explored whether cognitive load mediates the effect of the visual pres-
ence of the artificial model on psychomotor task performance. The study does not provide
strong evidence that cognitive load explains the effect of the visibility of an artificial model
on task performance. We argue that this might be due to conceptual or methodological is-
sues regarding the cognitive load construct. Concerning the former, it might be that, as Paas
and van Merrienboer (1993a) proposed, task performance is an assessment factor reflecting
part of cognitive load. Regarding the latter, it might be that the scales used do not adequately
capture the essence of the cognitive load construct. It has been admitted by Paas, Tuovinen,
Tabbers, and Van Gerven (2003) that “the question of how to measure the multidimensional

Similar to the findings of the current study, in Study 1 we do not find a significant difference of the visibility of the
artificial model on recall, when recall is measured with only the two (out of four) multiple choice questions.
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construct of cognitive load has proven difficult for researchers” (p. 66). This study is among
a few that tested the mediating role of cognitive load between instruction and performance.
More research is required to shed light into the relationship between test performance and
cognitive load.

Opverall, the contribution of the current follow-up study is threefold: Firstly, it replicates the
interaction effect between visibility of an artificial model and type of learning task on learn
ers task performance found in Study 1. Thus, the study increases the confidence that when
it comes to motor task (behavioral modeling), the visual presence of the artificial model
enhances learners’ task performance, as compared to the provision of the same instructions
but without the artificial model being visible on-screen. To the contrary, when it comes to
a cognitive task (cognitive modeling), this positive effect of the visual presence of an artifi-
cial model on task performance disappears. Secondly, this research extends the findings of
Study 1 by revealing that the visual presence of the artificial model has a different effect on
leaners perceived cognitive load depending on the type of task they perform. That is, the
visual presence of the artificial model reduced leaners’ perceived cognitive load for their
motor task performance but not for the cognitive task performance. Thirdly, cognitive load
was not clearly found to explain the effect of the visibility of the artificial model on task per-
formance. Therefore, these findings stress the importance of conducting more research, so
as to help solving any conceptual and/or methodological challenges regarding the cognitive
load construct and its relationship to test performance.

3.4 General discussion

Artificial agents have been recently employed in multimedia learning environments, in or-
der to provide more instructional support and motivational elements (Clark & Choi, 2005).
However, existing literature reported mixed results concerning the artificial agent’s impact
on learning outcomes. (i.e., Heidig & Clarebout, 2011; Martha, & Santoso, 2019; Schroeder,
Adesope, & Gilbert, 2013). In this Chapter, we argue that a more fruitful approach is to ask
under what conditions artificial agents might facilitate learning. While the majority of ped-
agogical research mainly focused on the agents’ design, other conditions of their use, such
as the agents’ instructional role, have been neglected.

Earlier work showed that modeling can be an effective instructional role that an artificial
agent can take in order to enhance learning outcomes in digital settings (Fountoukidou,
Ham, Matzat & Midden, 2019). In fact, there are two types of modeling based on the type
of learning task to be modeled: behavioral modeling pertaining to the demonstration of
psychomotor tasks and cognitive modeling concerning the demonstration of (purely) cog-
nitive tasks (Collins et al., 1989; Wouters et al., 2008). Nonetheless, given that the visual
presence of a model is not a prerequisite in a digital environment, the sole effect of an ar-
tificial model’s visual presence on learning remains unclear. Thus, the question that arises
is whether its visual presence facilitates learning. The existing literature contains contra-
dictory theories concerning the overall impact of an artificial agent’s on-screen presence
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on learning. Specifically, theories such as social presence theory and social agency theory
argue that the artificial agents physical presence leads to well-formed mental models of
concepts taught and better learning due to an increased motivation (i.e., Hoyt et al., 2003;
Moreno et al., 2001). Nonetheless, findings of recent studies are inconclusive in terms of the
motivational effect of the artificial agent’s visual presence (i.e., Chen & Chou, 2015; Dinger
& Doganay, 2017; Lin et al., 2020; Park, 2015). On the other hand, theories, such as cogni-
tive load theory (Sweller, 1988; Sweller 2004), hold that that such on-screen presence can
impose cognitive and affective distractions and, thus, hamper learning. However, studies on
the effects of an artificial agent on cognitive load reported opposing results (i.e., Dinger &
Doganay, 2017; Frechette & Moreno, 2010; Moreno et al., 2001).

We conducted two studies with the primary goal to examine whether the benefit of the
visual presence of the artificial model on learning is dependent on the type of learning task
to be modeled (psychomotor or cognitive). Findings of Study 1 revealed that for a psy-
chomotor task (behavioral modeling), the visual presence of the artificial model enhanced
learners’ task performance, self-efficacy and affective beliefs, as compared to those who
received the same instructions but without the artificial model being visible to them. To the
contrary, and as expected, in a cognitive task (cognitive modeling), this positive effect of
the visual presence of an artificial model on learning was not found. Further, it was shown
that the level of task complexity is another factor to be considered, as the effect of the vi-
sual presence of the artificial model on task performance was larger for the difficult level
than for the easy level of the psychomotor task. However, unexpectedly, results of Study 1
showed that independent from type of the learning task, recall was hampered by the visual
presence of the artificial model.

In Study 2, we replicated the interaction effect between visibility of an artificial model and
type of learning task on learners’ task performance found in Study 1. Thus, the two studies
combined increase confidence on the essential role of the visual presence of an artificial
agent for learning during a psychomotor task (behavioral modeling). Furthermore, Study 2
extends the findings of Study 1 by revealing that the visual presence of the artificial model
has a different effect on leaners’ perceived cognitive load depending on the type of task they
perform. That is, the visual presence of the artificial model reduced leaners’ perceived cog-
nitive load for their psychomotor task performance but not for the cognitive task perfor-
mance. However, perceived cognitive load was not clearly found to mediate the effect of the
visibility of the artificial model on task performance. Finally, in Study 2, we were not able
to replicate findings of Study 1 regarding the visual presence of an artificial agent having a
negative impact on learners’ recall for both types of tasks.

Overall, findings of the two studies provide strong evidence that the visual presence of the
artificial model enhanced learners’ self-efficacy, affective beliefs and task performance, as
it also minimized cognitive load associated with task performance, for psychomotor tasks
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(behavioral modeling), but less so for cognitive tasks (cognitive modeling).

3.4.1 Implications

The current work has both theoretical and practical implications. Regarding theoretical im-
plications, our findings support the argument that the question on whether artificial agents
facilitate learning can only be answered by taking into consideration the specific conditions
of their use. Findings of the current work confirms that the type of learning task that an
artificial agent models is an important condition.

Furthermore, our two studies combined add to the scientific debate on whether artificial
agents augment or hinder learning. Specifically, our results do not provide evidence that
the sole visual presence of an artificial agent (as in the case of cognitive modeling) has a
positive impact on learning (i.e., task performance, self-efficacy and affective beliefs) as
claimed by earlier theories (i.e., social presence theory, Hoyt, Blascovich & Swinth, 2003;
and social agency theory, Moreno et al., 2001). More importantly, according to our find-
ings, the sole visual presence of an artificial agent can even have aversive effects on certain
learning outcomes (i.e., recall of the instructions). Thus, we argue that theories supporting
the instructional value of the sole visual presence of an artificial agent, like social presence
theory and social agency theory, are incomplete. Future research could identify and exam-
ine conditions under which the inclusion of an artificial agent’s sole visual presence can
facilitate learning. We hypothesize that a framework for such conditions could be related
to learners’ feelings of loneliness and isolation as a consequence of reduced social presence
and psychological immediacy in online learning environments, compared to in-person in-
struction (Jeste, Lee & Cacioppo, 2020). In fact, earlier research has shown that social ex-
clusion increases both attentiveness to social cues (Pickett, Gardner & Knowles, 2004) and
attributions of human-likeness to artificial agents (Epley, Waytz, Akalis & Cacioppo, 2008).
Further, it has been found that socially excluded people are more easily persuaded by an
artificial agent to change their behavior (Ruijten, Midden & Ham, 2015).

Similarly, our findings do not provide support for the set of theories that claim that artifi-
cial agents are distractors of learning, such as cognitive load theory (Sweller 2004; Sweller,
Ayres, & Kalyuga, 2011). That is, the current research, provides evidence against cognitive
load theory, when the type of task being modeled is considered. More specifically, our find-
ings reveal the effectiveness of modeling by an artificial in increasing learners’ self-efficacy,
affective beliefs, and task performance, while minimizing performance-related cognitive
load for psychomotor tasks as opposed to purely cognitive tasks. However, some support of
this set of theories was found for cognitive learning. That is, the current research provided
some evidence that an artificial model can negatively affect learners’ recall regardless of the
type of learning task it demonstrates. However, we could not to replicate this finding, as re-
call in Study 2 was measured in a different way from Study 1 (i.e., in Study 2 there were less
multiple-choice questions and additional use of gap-filling questions). Therefore, we argue
that future research could further examine the impact of the visibility of an artificial agent
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as a model on cognitive learning, by having as reference how recall was measured in Study
1. Furthermore, we propose that theories opposing the instructional benefit of an artificial
agent, like cognitive load theory could benefit by specifying conditions under which the
coexistence of visualizations and verbal explanations (as in the case of modeling by ana ar-
tificial agent) can facilitate or hamper learning. Our findings suggest that such a condition
might be the type of learning outcome (cognitive, psychomotor).

The current work has also practical implications. In more details, our studies provide prac-

tical knowledge on how to optimally design artificial agents as models to achieve positive
learning outcomes based on the type of task at hand. Specifically, the visual presence of an
artificial model is recommended for psychomotor tasks as it positively influences task per-
formance, self-efficacy, and affective learning, as it also minimized task performance-relat-
ed cognitive load. To the contrary the inclusion of an artificial model is unnecessary when
the tasks being designed are cognitive in nature. Lastly, the inclusion of an artificial model
to the learning process becomes even more important as the level of complexity of the psy-
chomotor task increases.

Overall, our two studies are important as they draw attention to and increase our under-
standing on the conditions under which an artificial agent can facilitate learning. These
studies contribute to the development of artificial agents as powerful educational tools that
one day can help improve education and lifelong learning.
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Chapter 4

The Effect of an artificial agent’s vocal expressiveness
on immediacy and learning outcomes™

BThis chapter is based on:

Fountoukidou, S., Matzat, U,, Ham, J., & Midden, C. (2021). The effect of an artificial agent’s vocal expressiveness on
immediacy and learning outcomes. Manuscript submitted for publication.

Fountoukidou, S., Matzat, U, Ham, J., & Midden, C. (2019). Effects of a virtual model’s pitch and speech rate on
affective and cognitive learning. In E. Karapanos, E. Kyza, H. Oinas-Kukkonen, P. Karppinen, & K. T. Win (Eds.),
Persuasive Technology: Development of Persuasive and Behavior Change Support Systems - 14th International Conf
erence, PERSUASIVE 2019, Proceedings (pp. 16-27). (Lecture Notes in Computer Science (including subseries
Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics); Vol. 11433 LNCS). Springer
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4.1 General Introduction

Pedagogical artificial agents are animated characters that are embedded in virtual learn-
ing environments. They are seen as potential tools to create a social presence that primes
learners to deeply process the learning material (Kim & Baylor, 2015). Artificial teachers
are expected to play a crucial role in the years to come, as the educational landscape is
changing and reshaping by artificial intelligence (Chassignola, Khoroshavinb, Klimovac &
Bilyatdinovac, 2018). Nonetheless, earlier literature draws a discouraging picture regarding
the effects of artificial agents on learning (i.e., Schroeder, Adesope & Gilbert, 2013; Hei-
dig & Clarebout, 2011). One of the reasons for the insignificant effects of artificial agents
on learning might be that their potential for subtle nonverbal behaviors other than visual
cues that we know from human-human interaction has received little attention (Krimer
& Bente, 2010). In fact, it has been argued that nonverbal cues of artificial teachers could
increase their social presence leading to learning gains (Baylor & Kim, 2009). However,
there are many unanswered questions on how artificial agents’ nonverbal cues should be
implemented to accomplish such aims in multimedia settings.

A closer inspection of the behavior of human teachers could be taken into consideration
in order to inform the behavioral design of pedagogical artificial agents. In traditional
classroom settings, teachers’ nonverbal behavior plays a crucial role in student learning.
Specifically, some forms of teachers’ nonverbal behavior are found to increase “nonverbal
immediacy” (Andersen, 1979). The nonverbal immediacy concept refers to the ability of
teachers to create psychological closeness with their students through nonverbal communi-
cation (Mehrabian, 1981). This concept is grounded in approach-avoidance theory, which
asserts that people “are drawn toward the person and things they like, evaluate highly, and
prefer; and they avoid or move away from things they dislike, evaluate negatively, or do
not prefer” (Mehrabian, 1981, p. 1). Several nonverbal cues of teachers have been found to
play a crucial role in student’s learning, such as proximity, eye gaze, gestures, body position,
facial and vocal expressiveness (Witt & Wheeless, 2001). Cumulative evidence has revealed
that human teachers’ nonverbal immediacy behavior promotes affective learning (student
beliefs and motivations) and cognitive learning (immediate recall and perceived learning)
(Ellis, Carmon & Pike, 2016; Witt, Wheeless & Allen, 2004).

Two major explanations have been proposed for explaining the effect of immediacy on
learning: motivational theory (Christopher, 1990) and arousal-attention theory (Kelly &
Gorham, 1988). Motivational theory suggests that some forms of teacher behavior may
increase student (state) motivation by stimulating students, directing their efforts and, in
turn, influence affective learning. Nonetheless, only few empirical studies have investigated
this, providing support for motivational theory (i.e., Christopher, 1990; McCroskey, Rich-
mond & Benett, 2006). Arousal-attention theory posits that that immediacy is associated
with increased arousal, and if increased arousal focuses attention, increases the intensity of
information processing, and improves memory (immediate recall and especially delayed
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recall) (Phaf & Wolters, 1986). Again, only few studies empirically tested the viability of
arousal-attention theory (Comstock et al, 1995; Kelly & Gorham, 1988). Further examina-
tion of motivation and attention as mediators of path from immediacy to affective and/or
cognitive change has been deemed necessary (Witt, Wheeless & Allen, 2004).

Visual nonverbal cues of artificial pedagogical agents, such as the use of gestures and facial
expressions, have received increasing attention over the last years (Baylor & Kim, 2009).
Nonetheless, it has been excessively shown that it is mainly the artificial agent’s voice that
is responsible for increased learning rather than its visual presence (Atkinson, 2002; Bente
et al., 2008; Kramer & Bente, 2010). Previous work found that some of the characteristics
of a speaker’s voice that can affect learning (i.e., transfer and social perception) in multime-
dia settings are mechanization (human vs machine-synthesized voice) (Mayer et al., 2003;
Atkinson et al., 2005), accent (native vs foreign accent) (Mayer et al., 2003), gender (male
vs female voice) (Linek et al., 2010), dialect (regional dialect vs standard speech) (Rey &
Steib, 2013) and slang (youth slang vs standard speech) (Schneider et al., 2015). However,
there is limited evidence on whether and, more importantly, how artificial teachers’ vocal
nonverbal cues can influence multimedia learning outcomes.

In fact, only few studies have provided evidence that indicates that vocal expressiveness
of an artificial agent can benefit learning. Liew and colleagues (2020) found that an en-
thusiastic voice of a virtual speaker led to higher transfer performance and social ratings
when compared to a calm voice. However, the study featured an invisible narrator that had
no visual cues, such as face and body. Thus, it is not known whether the positive effect of
vocal expressiveness can also manifest in a multimedia environment presented by an on-
screen artificial agent that inevitably involves visual cues. Further, two studies examined
vocal nonverbal cues of a robot and found an effect of an expressive voice, as compared to
a flat voice, on affective and cognitive learning (Westlund et al., 2017; Kennedy, Baxter &
Balpaeme, 2017). However, it is not known whether results of studies that used physically
embodied robots also apply to artificial agents that are not physically present. To the best
of our knowledge, only one study investigated effects of a vocally expressive artificial agent
(i.e., use of additional pauses, louder voice and better enunciated words) on learning, as
compared to a non-vocally expressive artificial agent (Valetsianos 2009). Results provided
evidence of a benefit of vocal expressiveness on affective and cognitive learning. However,
since the study employed a quasi-experimental design, one limitation pertains to its low in-
ternal validity (Grabbe, 2015). What is more, further delineations of verbal expressiveness
such as pitch tone, pitch variation, and speech rate require further exploration (Valetsianos,
2009). Thus, the aim of the current work is to examine whether vocal expressiveness (op-
erationalized as pitch tone, pitch variation and speech rate) of an artificial agent can create
immediacy and enhance learning, as it is proposed by communication literature (i.e., Ellis,
Carmon, & Pike, 2016; Witt, Wheeless & Allen, 2004). What is more, this research goes
one steps further and test whether the proposed underlying mechanisms of attention and
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motivation can explain the anticipated effect of vocal expressiveness on learning outcomes.

More recently, it has been argued that the inclusion of nonverbal cues of artificial agents is
not a panacea, and caution is needed when constructing such cues, as they can be detri-
mental to learning (Dehn & Van Mulken, 2000; Clark & Choi, 2006; Woo, 2009; Frechette
& Moreno 2010). This is because they could impose an additional processing burden, which
is known as extraneous cognitive load, on working memory, because learners have to attend
to nonverbal cues by an expressive artificial agent (Sweller 2004). In the present work, we
employed an artificial agent that adopted the role of a model (Fountoukidou, Ham, Matzat
& Midden,2019). We argue that vocal expressiveness of an artificial model, facilitates, rath-
er than hinders, learning. Our claim is based on the cognitive theory of multimedia learn-
ing, according to which there are two separate channels (auditory and visual) for processing
information that both have a limited processing capacity (Mayer, 2002). Due to the fact
that modeling requires a substantial amount of processing to take place in the visual chan-
nel (i.e., demonstration), we argue that the inclusion of vocal nonverbal cues, balances the
processing demands, since they are being processed in the auditory channel and not in the
visual channel.

4.1.1 The current work

The current work maintains that vocal expressiveness of an artificial agent can play a cru-
cial role in the learning process leading to an increase in affective and cognitive learning.
In more detail, in the current research we report about two studies. The aims of Study 1 are
threefold: 1) to examine the effect of an artificial agent’s vocal expressiveness on immediacy;
2) to test whether an artificial agent showing strong vocal expressiveness (i.e., higher pitch
tone, more pitch variation, higher speech rate) will enhance affective and cognitive learning
(immediate recall and perceived cognitive learning), as compared to an artificial agent that
shows weak vocal expressiveness (i.e., lower pitch tone, less pitch variation, lower speech
rate); 3) to examine whether the underlying mechanisms of motivation and attention ex-
plain the effect of immediacy (and thereby also of vocal expressiveness) on the two learning
outcomes.

It has been argued that when it comes to cognitive learning, immediacy mainly impacts
delayed recall (Phaf & Wolters, 1986). However, only few studies examined the effects of
immediacy on delayed recall, and their findings are mixed and inconclusive (Comstock et
al., 1995; Titsworth, 2001). Building on the results of Study 1, the purpose of Study 2 was
to extent these findings, by examining: 1) the effect of vocal expressiveness (strong versus
weak) of an artificial agent on immediacy and delayed recall; 2) whether immediacy medi-
ates the effect of vocal expressiveness on delayed recall.

4.2 Study 1

In this work it is argued that vocal expressiveness of an artificial agent (strong versus weak)
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plays a crucial role in increasing learning outcomes. In Study 1 we predict that an artificial
agent that shows strong vocal expressiveness will increase perceptions of immediacy, as
compared to an artificial model that shows weak vocal expressiveness (H1). We further pre-
dict that strong vocal expressiveness improves affective learning (H2) and cognitive learn-
ing (H3), when compared to weak vocal expressiveness. Lastly, we hypothesize motivation
to mediate (part of) the effect of immediacy on affective learning (H4) and attention to
mediate (part of) the effect of immediacy on cognitive learning (H5).

4.2.1 Method
Participants

One-hundred-forty-four participants participated in this study. (38% females and 62%
males). The majority of the population were students from Eindhoven University of Tech-
nology. One-hundred-forty-four individuals participated in the study. Most of the partici-
pants were students from Eindhoven University of Technology. Specifically, 92 participants
(63%) were educated to undergraduate level or higher, 45 participants (31.2%) had com-
pleted high school and seven participants (4.8%) chose not to disclose their education.

The study used a between-participants design, with the participants being randomly as-
signed to one of the two experimental conditions: artificial modeling with strong expres-
siveness and artificial modeling with weak vocal expressiveness. The dependent variables of
the study were immediacy, affective learning, and cognitive learning (perceived and actual).
Inclusion criteria were participants’ English fluency. The experiment lasted for approxi-
mately 30 minutes, and participants were compensated for their participation (5 euros).

Materials

The 3D animated artificial agent, employed in this research, was designed using the Crazy-
Talk 8 software (see Subsection 2.2.1)

The study’s instructional script discusses an eye-tracking software, called GazeTheWeb
(GTW). GTW is a gaze-controlled web-browser, which work with an eye-tracking hard-
ware (Menges et al., 2017). (see Subsection 2.2.1 for more details).

The vocal parameters that used to distinguish the strong vocal expressiveness from the
weak vocal expressiveness were pitch (pitch tone and pitch variation) and speech rate. The
actor’s voice was recorded using Audacity software. Pitch analysis of these audio recordings
was performed with the use of Praat software.

Artificial agent

The artificial agent used in the current study was developed in such a way so as to share
some common characteristics with participants in terms of their appearance. These char-
acteristics were derived from earlier literature (Rosenberg-Kima, Baylor, Plant & Doerr,
2008). Therefore, since the majority of the participants were students at a Dutch University,
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the agent was designed to be young (<30 years old), attractive (in terms of the artificial
agent’s facial characteristics) and “cool” (in terms of the artificial agent’s clothing and hair-
style). What is more, the artificial agent intentionally lacked strong facial expressions.

Concerning its educational role, the artificial agent appeared as a model, demonstrating the
GTW system’s functionalities by moving his head and eyes, while providing verbal expla-
nations at the same time (see Figure 10).

The design of the artificial agent, both in terms of appearance and educational role was
identical in both experimental conditions, and the only difference was the level of the arti-
ficial gent’s vocal expressiveness (explained in the subsection 2.2.3).
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Figure 10 Artificial modeling: on the right side, the agent appeared to demonstrate an action (i.e., typing), while pro-
viding verbal explanations; on the left side, the light blue highlights the effect of the artificial agent ’s action.

Instructional script

Initially, an instructional script was created, which familiarised participants to the use of a
novel, gaze-controlled web browser (GTW), that was unknown to the study’s population.
Then, two versions of this script were developed. The only difference between these two
versions was the level of the artificial agent’s vocal expressiveness (strong vs. weak). That
is, the two versions differed in terms of average pitch tone, pitch variation, and speech rate
(see below for more details). A male actor, whose voice was recorded an and borrowed by
the artificial agent, performed both instructional versions. The selection of the voice actor
was based on two requirements: clear English pronunciation and good voice acting skills.

Vocal expressiveness

The study concurrently manipulated the vocal parameters of a) pitch tone, b) pitch varia-
tion, and c) speech rate, so as to create two different levels of vocal expressiveness (strong vs.
weak). The decision of the aforementioned vocal parameters was based on earlier results,
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suggesting that the combination of a speaker’s temporal (i.e., speech rate) and expressive
(i.e., pitch) vocal features has the greatest impact on both emotions and cognition (Breiten-
stein, Lancker & Daum, 2001).

Pitch is defined as the degree of highness or lowness of a tone, determined by the vibration
of the vocal folds (i.e., the faster the vibration per second (Hz), the higher the pitch). It is
generally measured as the fundamental frequency of the sound wave. There is no globally
optimal pitch tone, and it is determined by factors such as culture and context (Gudykunst,
Ting-Toomey & Chua, 1988). Nevertheless, according to general guidelines, the average
fundamental frequency of a male adult’s speech is 120 Hz (Hollien, & Shipp, 1972; Hsiao
et al., 1994; Mizuno & Nakajima, 1998). Thus, in this study, the pitch tone boundary so as
to differentiate the two levels of vocal expressiveness (strong and weak) was set at ~120 Hz.
All in all, according to our calculations, the average pitch tone of the strong vocal expres-
siveness condition was 260Hz, while the average pitch tone of the weak vocal expressiveness
condition was 115 Hz.

In addition to the pitch tone, pitch variation (i.e., intonation) was also manipulated. That
is, there was more pitch variation (i.e., voice rises and then falls before it rises again), in
the strong vocal expressiveness condition than in the weak vocal expressiveness condition.
Hence, the weak vocal expressiveness condition, apart from its lower pitch tone, was also
constructed to be “flat” in terms of pitch variation. Concerning the strong vocal expres-
siveness condition, the artificial agent’s voice raising was congruent with important infor-
mation that participants needed to recall. The development of pitch tone and variation in
the strong vocal expressiveness condition was intentionally prepared so as to emphasize,
both, affective nonverbal communication (i.e., speaker’s feeling and attitude conveyance)
and cognitive nonverbal communication (i.e., help in the encoding of a new information)
(Frechette & Moreno, 2010).

Speech rate is defined as the speed at which one speaks. It’s calculated by the number of
words spoken in a minute. An average number of words per minute (wpm) can vary hugely.
This is because speech rate is inextricably bound to the speaker’s culture, geographical loca-
tion, subject matter, gender, emotional state, fluency, profession or audience. Nonetheless,
according to some general guidelines, that conversational speech generally falls between
125 wpm at the slow end, to 150 wpm in the fast range (Simonds et al., 2006). Overall, the
speech rate in the strong vocal expressiveness condition was 133 wpm, as opposed to 119
wpm in the weak vocal expressiveness condition. Inevitably, this manipulation lead to a
relatively small difference in the video duration between the two conditions (9, 5 minutes
in the strong vocal expressiveness condition as opposed to 10 minutes in the week vocal
expressiveness condition).

Measures
Regarding the manipulation check, participants were asked to evaluate the artificial agent’s
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vocal expressiveness via a self-constructed scale, assessing the vocal parameters of pitch
tone, pitch variation and speech rate. This scale consisted of three items and it was admin-
istered through a 7-point semantic differential scale (1) use of high vs. low tone of voice;
2) use of vocal variety vs. flat voice; 3) use of fast vs. slow speech rate). We constructed an
acceptable measure of perceived vocal expressiveness (Cronbach’s & = .68), by averaging
participants’ answers to this set of questions.

Nonverbal immediacy (H1), was assessed using a scale consisted of six items and it was ad-
ministered through a 7-point semantic differential scale (i.e., pleasant vs. unpleasant voice,
enthusiastic vs. boring voice etc.). This scale was adapted from earlier versions measuring
not only vocal but a variety of other nonverbal cues (i.e., facial expressiveness) (Mehrabian,
1981; Richmond, Gorham & McCroskey, 1987; Richmond, McCroskey & Johnson, 2003;
Servilha & Costa, 2015) (see Appendix C.1 for the items on this scale). We constructed a
reliable measure of nonverbal immediacy (Cronbach’s & = .87), by averaging participants’
answers to this set of questions.

Affective learning (H2) was assessed by asking participants to estimate three components of
their affective perceptions towards the instructional material, towards the artificial instruc-
tor, and the likelihood of following the same artificial instructor for other instructional vid-
eos. These components of affective learning were administered through a 7-point semantic
differential scale (Andersen, 1979; Scott & Wheeless, 1975) (see Appendix C.1 for the items
on these scales). We constructed reliable measures of affective perceptions towards the in-
structional material (Cronbach’s a = 0.86), towards the artificial instructor (Cronbach’s a =
0.88) and likelihood of following the same artificial instructor for other instructional videos
(Cronbach’s a = 0.90), by averaging participants answers to each set of questions.

Cognitive learning (H3) was assessed both objectively (recall test) as well as subjetively
(perceived cognitive learning). Specifically, recall of the content of the instructional video
was measured as an index of cognitive learning, and it was measured through a self-con-
structed recall test. This recall test contained two methods of knowledge assessment: 1) A
“fill-in-the-blanks” test consisted of nine recall items, and, 2) a multiple-choice test consist-
ed of 18 questions (see Appendix C.1 for the recall test). For the gap filling test, participants
were asked to recall keywords (exact words or synonyms) spoken by the artificial agent
during the video, and to fill in the blanks of a written transcript. For the multiple-choice
test, participants were asked to answer a series of questions by selecting the correct an-
swer amongst four optional answers. We constructed two measures of cognitive learning by
counting participants’ number of correct answers to each test separately. The participants’
performance scores were calculated by two researchers independently. There was a 100%
agreement on the performance scores between the two researchers.

Furthermore, perceived cognitive learning was assessed by asking participants’ to answer
two, 7-point scale, questions (Richmond, Gorham & McCroskey, 1987). A “learning loss”
score was, then, computed by subtracting the score on the first question (i.e., How much did
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you learn during the video lesson?) from the score of the second question (i.e., How much
do you think you could have learned from this video had you had this ideal instructor?),
indicating a learner’s overall perceived cognitive learning score. Reliability using this mea-
sure in previous research was reported at .94 (Gorham, 1988). Overall, learning loss score
has been widely used in communication research as an index of cognitive learning (e.g.,
Chesebro & McCroskey, 2000).

The main dependent variable of the fourth hypothesis was (state) motivation. Motivation
was assessed by asking participants to answer nine questions on how they felt about the in-
structional video they watched. The questionnaire was administered in a 7-point semantic
differential scale taken from Christophel (1990) (we selected the nine out of the 12 ques-
tions that were relevant to our study) (see Appendix C.1 for the items on this scale). We
constructed a reliable measure of motivation (Cronbach’s « = .91), by averaging partici-
pants’ answers to each set of questions.

The main dependent variable of the fifth hypothesis was attention. Attention was assessed
by asking participants to answer four questions, administered in a 7-point scale, about the
level of their attention to the instructional video (Yi & Davis, 2003) (see Appendix C.1 for
the items on this scale). We constructed a reliable measure of motivation (Cronbach’s a =
.86), by averaging participants’ answers to each question.

Lastly, we explored whether vocal expressiveness would influence how learners perceive the
likeability of an artificial agent. Furthermore, and more importantly, likeability of the arti-
ficial agent was taken into consideration so as to test whether the influence of vocal expres-
siveness on affective learning is still mediated by immediacy even when another possible
mediating path is considered (i.e., likeability of the artificial agent). The agents’ likeability
was measured with a subscale of the “Godspeed” scale, developed to assess key concepts of
Human-Computer interaction (Bartneck, Croft & Kulic, 2008) (see Appendix C.1 for the
items on this scale). The scale was formatted in a 7-point semantic differential, scale. We
constructed a reliable scale of likeability (Cronbach’s a = .93) by averaging participants’
answers to each set of questions.

Procedure

Participants were welcomed in the main hall of the lab building. Each participant was re-
quired to read and sign an informed consent form, explaining the general aim of the study
and their willingness to participate. Next, they were randomly assigned to one of the two
experimental conditions and they were requested to watch an instructional video on a com-
puter monitor regarding the use of GTW browser. The video screen was split into two sides:
on the right-hand side, an artificial agent appeared to use the GTW system by moving the
head and eyes, while explaining the system functionalities being demonstrated; on the left-
hand side, the actual system was displayed, showing participants the effects of the artificial
agent’s actions on the system in real time (i.e., Figure 10). Participants in both conditions
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were provided with an identical instructional video, with the only difference being the level
of vocal expressiveness in terms of pitch tone, pitch variation and rate.

As a next step, participants were invited to answer an online survey and a recall test. Lastly,
they were debriefed, paid and thanked for their participation.

4.2.2 Results

Manipulation check: An independent sample t-test analysis was conducted to check the
study’s manipulation of vocal expressiveness (i.e., perceptions of vocal parameters of pitch
tone, pitch variety and speech rate) between the strong vocal expressiveness and weak vocal
expressiveness condition. As expected, the results revealed a statistically significant effect
on vocal expressiveness, #(142) = 9.211, p < .001, with participants in the strong vocal ex-
pressiveness condition (N = 78, M = 3.7, SD = .9) to report stronger perceptions of vocal
expressiveness as compared to participants in the weak vocal expressiveness condition (N
=66, M =2.3,5D = .8).

Immediacy: To test H1, an independent sample t-test analysis was conducted to examine the
effect of the level of the artificial model’s vocal expressiveness on individuals’ perceptions
of immediacy. Results, supported our hypothesis, revealing a statistically significant effect,
t(142) = 6.873, p < .001, with participants in the strong vocal expressiveness condition (N
=78, M =4.1, SD = 1.3) to report higher perceptions of immediacy as compared to partici-
pants in the weak vocal expressiveness condition (N = 66, M = 2.8, SD = 1.0).

Affective learning: To test H2, a one-way multivariate analysis of variance (MANOVA) was
conducted to examine the effect of the level of the artificial model’s vocal expressiveness
on the three affective dependent variables (affective perceptions towards the instructional
material, towards the artificial instructor, and perceived likelihood to follow the same in-
structor on other instructional material). The results revealed a statistically significant effect
of the level of the artificial model’s vocal expressiveness on the three dependent variables
combined, Wilk's A = .85, F(3,140) = 7.88, p < .001, np* = .14.

In line with our hypothesis, separate univariate ANOVAs on the outcome variables revealed
a significant treatment effect on: 1) affective perceptions towards instructional material,
F(1, 142) = 7.23, p < .01, np* = .48, with participants’ affect towards the instructional mate-
rial to be more positive in the strong vocal expressiveness condition (N = 78, M = 5.6, SD
=.9), as compared to participants in the weak vocal expressiveness condition (N = 66, M =
5.1, SD = 1.0); 2) affective perceptions towards the artificial instructor, F(1, 142) = 21.39, p
<.001, np* = .13, with participants’ affect towards the artificial instructor to be more posi-
tive in the strong vocal expressiveness condition (N = 78, M = 5.4, SD = 1.1), as compared
to participants in the weak vocal expressiveness condition (N = 66, M = 4.5, SD = 1.1); 3)
the likelihood of following the same artificial instructor for other instructional material,
F(1,142) = 17.82, p < .001, np® = .11, with participants’ perceived likelihood to follow the
same instructor on other instructional material to be more positive in the strong vocal ex-
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pressiveness condition (N =78, M = 4.4, SD = 1.5), as compared to participants in the weak
vocal expressiveness condition (N = 66, M = 3.3, SD = 1.4).

Cognitive learning: To test H3, a one-way multivariate analysis of variance (MANOVA) was
conducted to examine the effect of the level of the artificial model’s vocal expressiveness on
individuals’ recall. Recall was measured with a fill-in-the-blanks test and a multiple-choice
test. The results revealed a statistically significant effect of the level of the artificial model’s
vocal expressiveness on the two dependent variables combined, Wilk’s A = .94, F(2, 141) =
4.33,p =.01,np> = 6.

In line with our hypothesis, separate univariate ANOVAs on the outcome variables revealed
a significant treatment effect on fill-in the-blanks test, F(1, 142) = 5.25, p = .02, np” = .36,
with participants’ recall performance to be better in the strong vocal expressiveness con-
dition (N =78, M = 7.9, SD = 2.7), as compared to participants in the weak vocal expres-
siveness condition (N = 66, M = 6.9, SD = 2.2). Results showed a non-significant treatment
effect on the multiple-choice test, F (1, 142) =.31, p > .05, between participants in the strong
vocal expressiveness condition (N = 78, M = 10.4, SD = 2.8) and participants in the weak
vocal expressiveness condition (N = 66, M = 10.6, SD = 2.9).

Perceived cognitive learning (learning loss): An independent sample t-test analysis was con-
ducted to examine the effect of the level of the artificial model’s vocal expressiveness on in-
dividuals’ perceptions of learning. As expected, the results revealed a statistically significant
effect, #(142) = -2.36, p = .02, r = .20, with participants in the strong vocal expressiveness
condition (N = 78, M = .41, SE = .1) to report less learning loss (therefore more perceived
cognitive learning), as compared to participants in the weak vocal expressiveness condition
(N=66,M = .83, SE =.13).

Artificial agent’s likeability: An independent sample t-test analysis was conducted to exam-
ine the effect of the level of the artificial model’s vocal expressiveness on individuals’ judg-
ments about the artificial agent’s likeability. The results revealed a statistically significant
effect, 1(142) = 4.44, p < .001, with participants’ judgments on the artificial agent’s likeability
to be more positive in the strong vocal expressiveness condition (N =78, M = 5.4, SD = 1.0)
as compared to participants’ judgments in the weak vocal expressiveness condition (N = 66,
M =4.6,SD = 1.0).

Path analyses

Our final aim was to test whether motivation and attention could explain parts of the antic-
ipated effect of immediacy on affective learning (affective perceptions towards the instruc-
tional material, towards the artificial instructor and the likelihood of following the same
artificial instructor for other instructional material) (H4) and cognitive learning (fill-the-
blanks recall test and perceived cognitive learning) (H5). Vocal expressiveness, our manip-
ulated factor, was included as predictor of immediacy. Hence, path analyses were conducted
in STATA 14 to test the model (see Figure 11). This type of analyses provides a comprehen-
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sive picture of the nature of the associations between the predictor and dependent vari-
ables of interest. The overall fit of the models was assessed by the chi-square goodness of fit
(X2), comparative fit index (CFI), and root mean square error of approximation (RMSEA).
Detailed results of the path analysis for each affective and cognitive learning variable are
reported in the following subsections.

motivation
(vocal .
expressiveness) »  immediacy Learning
treatment outcomes
attention

Figure 11 Hypothesized path analysis model.

Path analyses of affective learning outcomes

Concerning affective learning, three path analyses models were tested for the three ffective
learning outcomes (affect towards the artificial teacher, likelihood of following the same
artificial instructor for other instructional material and affect towards the instructional
material). Results are presented in Figures 12, 13 and 14. In more detail, as seen in Figure
12, vocal expressiveness was a positive significant predictor of immediacy. Further,
immediacy'® was found to be a positive significant predictor of affect towards the artificial
teacher. Motivation was a significant positive predictor of affect towards the artificial teacher.
To the opposite, the path coefficient from attention to affect towards the artificial teacher
was positive but non-significant. These findings suggest that motivation partially mediate!”
the effect of immediacy on affect towards the artificial teacher. Attention, however, does
not show any mediating effect. Overall, the model explained 43,8% of affect towards the
artificial teacher. Similar results were found for participants’ likelihood of following the

16 I - . . . .

For further clarification, a mediation analysis was conducted. Immediacy remained a mediator of the effect of vocal
expressiveness on all three affective outcomes even when likeability of artificial agent was included as a second medi-
ator. Furthermore, likeability also mediated the effect of vocal expressiveness on all three forms of affective learning.

"For further clarification, a mediation analysis was conducted. The total effect of immediacy on affect towards the
artificial teacher was found to be significant (8 = .57, p < .001). The indirect effect through motivation was also sig-
nificant (8 = .166, 95% CI [.048, .338]). The indirect effect through attention was non-significant (8 = .047, 95% CI
[-.020, .118]).
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same artificial instructor for other instructional material, as seen in Figure 13. Again,
these results suggest that only motivation partially mediates'® the effect of immediacy on
likelihood of following the same artificial instructor for other instructional material. Overall,
the model explained 54,6% of likelihood of following the same artificial instructor for other
instructional material. However, as Figure 14 illustrates, both motivation and attention
appear to be significant positive predictors of affect towards the instructional material, while
the path coeflicient from immediacy to affect towards the instructional material is positive
but non-significant. We can conclude that affect towards the instructional material is fully
mediated!® by both attention and motivation. Overall, the model explained 36% of affect
towards the instructional material. To summarize, the results of the path analyses supported
our hypothesis 4, showing that motivation explain (part of) the effect of immediacy on
affective learning outcomes.

. motivation
¥ %
c) *
(vocal . P ‘ - — Affect towards
expressiveness) immediacy : P the artificial
treatment teacher
-3)*** >
attention

Figure 12 Results of the path analysis for affect towards the artificial teacher. Standardized coeflicients are presented.
Grey lines indicate non-hypothesized relationships, *p <. 05, **p < .01, **p < .001. Overall model fit statistics: X*(3)
=2.017, p > .05; RMSEA < .001; CFI > .95.

"®For further clarification, a mediation analysis was conducted. The total effect of immediacy on likelihood of fol-
lowing the same artificial instructor for other instructional material was found to be significant (8 = .58, p <.001).
The indirect effect through motivation was also significant (8 = .241, 95% CI [.138, .348]). The indirect effect through
attention was non-significant (8 = .05, 95% CI [-.001, .104]).

For further clarification, a mediation analysis was conducted. The total effect of immediacy on affect towards the
instructional material was found to be significant (8 = .40, p < .001). The indirect effect through motivation was also
significant (8 = .172, 95% CI [.053, .291]). Similarly, the indirect effect through attention was also significant (8 =
.095,95% CI [.019, .176]).
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Figure 13 Results of the path analysis for likelihood of following the same artificial instructor for other instructional
material. Standardized coefficients are presented. Grey lines indicate non-hypothesized relationships, *p < .05, **p <
.01, ***p <.001. Overall model fit statistics: X2(3) =0.721, p > .05; RMSEA < .001; CFI > .95.
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Figure 14 Results of the path analysis for affect towards the artificial teacher. Standardized coefficients are presented.
Grey lines indicate non-hypothesized relationships, *p < .05, **p < .01, **p < .001. Overall model fit statistics: X*(3)
=0.138, p > .05; RMSEA < .001; CFI > .95.

Path analyses of cognitive learning outcomes

Concerning cognitive learning, two path analyses were conducted for the two cognitive
learning outcomes (perceived cognitive learning and recall scores). Results are presented
in Figures 15 and 16. In more details, as seen in Figure 15, immediacy was found to be a
negative significant predictor of perceived cognitive learning (it is negative as it has been
measured as learning loss). Nonetheless the path coeflicients from both motivation and at-
tention to perceived cognitive learning were non-significant. These findings suggest that
neither motivation nor attention mediated the effect of immediacy on perceived cognitive
learning. Lastly, as illustrated in Figure 16, neither immediacy nor motivation and attention
were found to be significant predictors of participants’ recall. The results of the path analyses
did not provide support for our hypothesis 5, as attention was not found to be a mediator.
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Figure 15 Results of the path analysis for perceived cognitive learning (learning loss). Standardized coefficients are
presented. Grey lines indicate non-hypothesized relationships, *p < .05, **p < .01, ***p < .001. Overall model fit sta-
tistics: X2(3) = 0.754, p > .05; RMSEA < .001; CFI > .95.
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Figure 16 Results of the path analysis for recall scores. Standardized coeflicients are presented. Grey lines indicate
non-hypothesized relationships, *p < .05, **p < .01, **p < .001. Overall model fit statistics: X*(3) =4.325, p > .05;
RMSEA < .08; CFI > .95.

4.2.3 Discussion

The current research investigated the influence of an artificial model with strong vocal ex-
pressiveness, as compared to the (same) artificial model with weak vocal expressiveness, as
a means to increase nonverbal immediacy and subsequently to enhance individuals’ affec-
tive and cognitive learning. What is more, we tested the proposed underlying mechanisms
of motivation and attention to explain the anticipated eftect of artificial model’s immediacy
on affective and cognitive learning respectively.

Our results supported our first hypothesis, showing that an artificial model that shows
strong vocal expressiveness can increase perceptions of immediacy, as compared to an arti
ficial model that shows weak vocal expressiveness. This is in accordance with the vast body
of literature on human teachers’ nonverbal immediacy (i.e., Mehrabian, 1981; Witt, Whee-
less & Allen, 2004; Ellis, Carmon & Pike, 2016). Therefore, the study provides evidence
that, similar to a human teacher, strong nonverbal cues, such as vocal expressiveness, can
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influence learners’ perceptions of psychological closeness (i.e., immediacy) with an artifi-
cial teacher.

Furthermore, the study’s results supported our second hypothesis, showing that an artificial
model with strong vocal expressiveness can enhance individuals’ affective learning, as com-
pared to an artificial model with weak vocal expressiveness. Specifically, according to the
current study’s findings, participants in the strong vocal expressiveness condition indicated
increased affective perceptions towards the instructional material, the artificial teacher as
well as an increased likelihood of following the same artificial instructor for other instruc-
tional videos. Undeniably, students’ affective experiences are important as they have been
found to be the central mediator linking teaching behaviors to student reports of learning
and other important classroom outcomes (Bolkan, 2015).

Next, results provided partial support for our third hypothesis, showing that an artificial
model that shows strong vocal expressiveness can impact learners’ recall when assessed
with the fill-in-the-blanks test as compared to an artificial model that shows weak vocal
expressiveness. To the contrary, no evidence for a difference between the two levels of vocal
expressiveness was found when recall was assessed with a multiple-choice test. The reason
why we found an effect on only one cognitive test might be due to the difference between the
gap filling and multiple-choice tests as methods of knowledge assessment. Our results are
in accordance with earlier studies, which found a significant difference in learners’ scores
of the two types of tests, with learners’ multiple-choice scores to be significantly better than
their gap filling scores (Medawela et al., 2018; Utari, 2013). These studies did not test why
this is the case, thus more exploration of such findings required.

Additionally, we found evidence that an artificial model with strong vocal expressiveness
also affects perceived cognitive learning. Specifically, the study’s findings provide evidence
that strong vocal expressiveness has a positive influence on perceptions of learning as com-
pared to weak vocal expressiveness. Despite the fact that perceived cognitive learning is not
as strong as measuring actual cognitive learning, earlier research has found a moderately
strong validity coefficient between students’ performance on a recall test and reports of how
much they believed they learned during a lecture (Chesebro & McCroskey, 2000).

Further, confirming our fourth hypothesis (concerning mediating psychological processes
of motivation on affective learning), findings of this study suggest that learners’ motivation
explains part of the effect of immediacy (and, thus, of vocal expressiveness) on affective
learning outcomes. Thus, the current study provides support for motivation theory (Chris-
tophel, 1990), which argues what this study’s findings revealed; strong nonverbal cues, such
as vocal expressiveness, increase perceptions of immediacy, which has a positive effect on
motivation leading to enhanced affective learning.

However, contrary to our fifth hypothesis (concerning mediating psychological processes
of attention on cognitive learning) neither immediacy nor attention appear to explain the
effect of vocal expressiveness on immediate recall. Further though immediacy was found
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to be predictor of perceived cognitive learning, attention was not. Thus, results of the cur-
rent Study 1 do not provide evidence in favour of arousal-attention theory, which posits
that immediacy stimulates arousal, which, thereby, affects attention and memory leading to
greater cognitive learning (Kelly & Gorham, 1988). However, other psychological studies
demonstrated the important role of arousal in altering both attention and consolidation of
memories (Christianson & Loftus, 1991; Eysenck, 1976; Heuer & Reisberg, 1992; Revelle
& Loftus, 1992). Such studies suggest that if arousal acts specifically on memory consoli-
dation, its influence magnifies following a delay, as consolidation is a process that occurs
over time. Thus, future research might examine whether attention mediates the effect of
immediacy on delayed recall (i.e., one-week past treatment). How the effect of vocal expres-
siveness on immediate recall can be explained, is still unclear.

Collectively, the findings of Study 1 are in line with past work that emphasised the vital
role of human teachers’ nonverbal cues in increasing students’ affective, cognitive, and per-
ceived cognitive learning in traditional classroom settings (Witt, Wheeless & Allen, 2004).
Similarly, the study showed that a teacher’s nonverbal cues are related to learning outcomes
because they promote immediacy. Nonetheless, earlier studies examined a plethora of non-
verbal cues together (i.e., facial cues, posture) as it is difficult to disentangle various cues
from each other when human teachers are employed. In addition, the majority of past stud-
ies utilized a survey research design, which has been argued to be of limited usefulness
when it comes to making conclusions related to students’ learning (Comstock et al., 1995;
Hess & Smythe, 2001; Witt & Wheeless, 2001). Therefore, an advantage of the current Study
1 is that by employing artificial agents, it was able to experimentally show the single effects
of nonverbal cues, such as vocal expressiveness, on immediacy and learning outcomes. All
in all, the fact that the same learning mechanisms were found between human and artificial
teachers (i.e., alignment of these findings with human teachers’ past research) suggests that
the study’s results are pertinent for human teachers too.

In addition, the current findings are in accordance with the few studies that have provided
evidence of the positive effect of vocal expressiveness of artificial agents (Valetsianos, 2009)
and robots (Westlund et al., 2017; Kennedy, Baxter & Balpaeme, 2017). However, the cur-
rent Study 1 goes beyond these earlier studies, by examining the underlying mechanisms of
the effect of vocal expressiveness on both affective and cognitive outcomes. This is, Study 1
revealed that vocal expressiveness is related to learning outcomes, because it reduces psy-
chological distance, thus, promoting immediacy. What is more, this research further ex-
amined motivation and attention as mediators of the path from immediacy to affective and
cognitive learning. These mechanisms were reported as potential explanations in earlier
studies, though they were not empirically tested (Valetsianos, 2009). Lastly, showing that
the effect of the combination of pitch and speech rate on learning has its own importance,
as it can help designers’ choice of vocal parameters when constructing vocal expressiveness
of artificial teachers.
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Despite the study’s aforementioned advantages, caution is needed in generalizing the results
beyond the study’s population characteristics. This is because nonverbal cues vary culturally
and contextually (Gudykunst, Ting-Toomey & Chua, 1988). Future research could explore
whether different contexts (i.e., geographical location) would produce different results on
learning. Furthermore, the artifcial model’s vocal expressiveness consisted of both pitch
(tone and variation) and speech rate. Future research could examine the single effect of each
vocal parameter on learning outcomes. Another limitation of the study pertains to the short
duration of multimedia learning (~10 min). Though artificial agent’s strong vocal expres-
siveness was shown to increase affective and cognitive learning, the effects of repeated and
prolonged exposure to nonverbal cues are not known.

4.3 Study 2

In Study 1 we found evidence indicating that an artificial agent with strong vocal expres-
siveness increased affective learning and perceived cognitive learning as compared to an
artificial agent with weak vocal expressiveness. However, in Study 1, we found mixed effects
regarding the effects of vocal expressiveness on actual cognitive learning (measured as im-
mediate recall). Further, we examined the underlying process of the influence of artificial
agent’s vocal expressiveness on affective and cognitive learning. Specifically, regarding af-
fective learning, we found support for motivation theory (Christopher, 1990), as findings
revealed that vocal expressiveness enhanced immediacy, which in turn increased motiva-
tion and, then, increased affective learning. Regarding actual cognitive learning, we did
not find evidence supporting attention-arousal theory (Kelly & Gorham, 1988), as results
showed that neither immediacy nor attention had an effect on immediate recall.

Though only few studies empirically tested the viability of arousal-attention theory before
(Comstock et al, 1995; Kelly & Gorham, 1988), other psychological studies, outside the ed-
ucational research area, demonstrated the important role of arousal in altering both atten-
tion and consolidation of memories (Christianson & Loftus, 1991; Eysenck, 1976; Heuer &
Reisberg, 1992; Revelle & Loftus, 1992). Such studies suggest that if arousal acts specifically
on memory consolidation, its influence increases following a somewhat longer period, as
consolidation is a process that occurs over time. Thus, in the current Study 2 we argue that
a plausible reason for the mixed effects of vocal expressiveness on actual cognitive learning,
as well as, the lack of evidence of immediacy as a mediator of vocal expressiveness on actual
cognitive learning we found in Study 1, might be the fact that we examined immediate re-
call (i.e., measured immediately after treatment) rather than delayed recall (i.e. several days
after treatment).

Unfortunately, little guidance exists in the literature concerning delayed effects of immedi-
acy on learning. In the domain of educational research, a metanalytical review on the rela-
tionship between immediacy and learning outcomes with human teachers (Witt, Wheeless
& Allen, 2004) revealed that only two studies measured delayed recall (Comstock et al.,
1995; Titsworth, 2001), and their results were mixed and inconclusive. Specifically, in the
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study of Titsworth (2001) videotaped lectures manipulated a plethora of immediacy cues
displayed by a human teacher (i.e., “we” versus “I” statements and enhanced versus minimal
vocal expressiveness, facial expressions, gestures, and body movement). Findings showed
that immediacy cues had an effect on delayed recall (i.e., one-week past treatment) when
measured with the “detail test” (assessment of student ability to recall and describe specific
facts and details learned from a lecture). However, no significant effects were found when
delayed recall was measured with a “concept test” (assessment of student ability to abstract
concepts and principles discussed in the lecture by answering multiple-choice questions).
To the contrary, the study of Comstock et al. (1995) found that immediacy cues did not
affect delayed recall (measured with true-false statements). Unfortunately details of their
methodology are not reported (i.e., manipulation of immediacy, time of post-test). These
contradictory findings point to the importance of continued research in order to under-
stand how cognitive performance over time is associated with immediacy.

Therefore, in this follow-up study, Study 2, we aimed to investigate whether vocal expres-
siveness of an artificial agent has an effect on immediacy and delayed recall. Accordingly,
we expected strong vocal expressiveness to increase perceptions of immediacy as compared
to weak vocal expressiveness (H1). In line with Titsworth (2001), we further predicted that
strong vocal expressiveness of an artificial agent would increase delayed recall. as compared
to weak vocal expressiveness (H2). Lastly, we predicted that immediacy would mediate the
effect of vocal expressiveness on delayed recall (H3).

4.3.1 Method
Participants

The participants of this study included 139 individuals (57 females and 82 males) and the
majority of the population were students from Eindhoven University of Technology. Un-
fortunately, 35 of the participants did not respond to the delayed recall test they received by
mail. This resulted in a total sample size of n=105 for the analysis of delayed recall. Of them,
46 were female (44%) and 59 were male (56%). Sixty-one participants (58%) were educated
to undergraduate level or higher, 39 participants (37%) had only completed high school.

In the same ways as Study 1, Study 2 used a between-participants design, with the partici-
pants being randomly assigned to one of the two experimental conditions: artificial mod-
eling with strong expressiveness and artificial modeling with weak vocal expressiveness.
The dependent variables of the study were immediacy and delayed recall. Only participants
who were fluent in English were allowed to take part in this study. The experiment lasted
for approximately 30 minutes, with a follow-up questi onnaire after 12 days, for which par-
ticipants received five euros as compensation for their participation.

Materials

The 3D animated artificial agent, employed in this research, was designed using the Crazy-
Talk 8 software.
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In the same way as in Study 1, the instructional script used in Study 2 discusses an eye-track-
ing software, called GazeTheWeb (Menges et al., 2017).

In the same way as in Study 1, the vocal parameters that were concurrently used in Study
2 to distinguish the strong vocal expressiveness from the weak vocal expressiveness were
pitch (pitch tone and pitch variation) and speech rate. The actor’s voice was recorded using
Audacity software. Pitch analysis of these audio recordings was performed with the use of
Praat software.

For more details regarding the construction of the study’s artificial agent, instructional
script and vocal expressiveness, see the subsection 4.2.1.

Measures

Regarding the manipulation check, in line with Study 1, participants were asked to evaluate
the artificial agent’s vocal expressiveness via a self-constructed scale, assessing the vocal
parameters of pitch tone, pitch variation and speech rate. This scale consisted of three items
and it was administered through a 7-point semantic differential scale (1) use of high vs. low
tone of voice; 2) use of vocal variety vs. flat voice; 3) use of fast vs. slow speech rate). We
constructed an acceptable measure of perceived vocal expressiveness (Cronbach’s a = .64),
by averaging participants’ answers to this set of questions.

In the same way as in Study 1, nonverbal immediacy was assessed using a scale consisting of
six items, which was administered through a 7-point semantic differential scale (i.e., pleas-
ant vs. unpleasant voice, enthusiastic vs. boring voice etc.) (see Appendix C.1 for the items
on this scale). This scale was adapted from earlier versions measuring not only vocal but a
variety of other nonverbal cues (i.e., facial expressiveness) (Mehrabian, 1981; Richmond,
Gorham & McCroskey, 1987; Richmond, McCroskey & Johnson, 2003; Servilha & Costa,
2015). We constructed a reliable measure of nonverbal immediacy (Cronbach’s a = .87), by
averaging participants’ answers to this set of questions.

Delayed recall was measured as an index of cognitive learning and it was assessed 12 days
after treatment. Delayed recall was assessed with the use of the recall test developed in Study
1. That is, overall, delayed recall was assessed with a fill-in-the-blanks test consisting of nine
recall items and a multiple-choice test of 18 questions (see Appendix C.1 for the recall test).

This recall test was administered via email and students completed it online. The main
reason that delayed recall was measured online was to avoid participant attrition between
the first session and the delayed post-test session. We constructed two measures of delayed
recall by counting participants’ number of correct answers to each type of recall tests sepa-
rately (gap filling test and multiple-choice test). These two measures were found to be mod-
erately positively correlated, 7(104) = .5, p < .001. The participants’ performance scores were
scored by two researchers independently. There was a 100% agreement on the performance
scores between the two researchers.
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Procedure

Participants were welcomed in the main hall of the lab building. Each participant was re-
quired to read and sign an informed consent form, explaining the general aim of the study
and their willingness to participate. Next, they were randomly assigned to one of the two
experimental conditions and they were requested to watch an instructional video on a com-
puter monitor regarding the use of GTW browser. The video screen was split into two sides:
on the right-hand side, an artificial agent appeared to use the GTW system by moving the
head and eyes, while explaining the system functionalities being demonstrated; on the left-
hand side, the actual system was displayed, showing participants the effects of the artificial
agent’s actions on the system in real time. Participants in both conditions were provided with
an identical instructional video, with the only difference being the level of vocal expressive-
ness in terms of pitch tone, pitch variation and rate (for more details regarding the study’s
instructional videos see Study 1).

After the end of the instructional video, the participants were asked to answer a small survey.
Afterwards, participants were paid, thanked for their participation, and asked to respond
to the second survey they would receive 12 days after the experiment. Twelve days after the
experiment in the lab, participants were sent via email a second survey containing a recall
test. Upon completion of the online recall test a debriefing mail was sent to each participant.

4.3.2 Results

Manipulation check: An independent sample t-test analysis was conducted to check the
study’s manipulation of vocal expressiveness (i.e., perceptions of vocal parameters of pitch
tone, pitch variety and speech rate) between the strong vocal expressiveness and weak vocal
expressiveness condition. As expected, the results that participants in the strong vocal ex-
pressiveness condition (N = 67, M = 3.28, SD = .99) reported stronger perceptions of vocal
expressiveness as compared to participants in the weak vocal expressiveness condition (N =
72, M =2.25,SD = .88), t(142) = 9.211, p < .001.

Immediacy: To test H1, an independent sample t-test analysis was conducted to examine
the effect of the level of the artificial model’s vocal expressiveness on individuals’ perceptions
of immediacy. The results supported our first hypothesis, revealing that participants in the
strong vocal expressiveness condition (N = 67, M = 4.24, SD = 1.0) reported higher percep-
tions of immediacy as compared to participants in the weak vocal expressiveness condition
(N=72,M=3.23,SD =.89), t(137) = -6.198, p < .001.

Delayed recall: To test H2, a one-way multivariate analysis of variance (MANOVA) was con-
ducted to examine the effect of the level of the artificial model’s vocal expressiveness on both
scores measuring individuals’ delayed recall. The results did not provide evidence for a sta-
tistically significant effect of the level of the artificial model’s vocal expressiveness on the two
measures of delayed recall combined, Wilk's A = .99, F(2, 103) = ,249, p > .05. Similarly, there
was no significant effect found for any single score, both times p > .05.
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Given the non-significant effect of vocal expressiveness on delayed recall we could not test our
third hypothesis on the mediating role of immediacy. However, immediacy was not found to
be significantly correlated with any of the two measures of cognitive learning, p>.05.

4.3.3 Discussion

Findings on the effect of pedagogical artificial agents on learning outcomes are mixed (Heidig
& Clarebout, 2011; Martha, & Santoso, 2019; Schroeder, Adesope, & Gilbert, 2013). One of the
proposed reasons for such inconclusive findings is the artificial agent’s untapped potential for
subtle nonverbal behavior that we know from human-human interaction.

In Study 1, we found that an artificial agent with strong vocal expressiveness increased imme-
diacy, which in turn, enhanced affective learning and perceived cognitive learning, as com-
pared to an artificial agent with weak vocal expressiveness. What is more, findings of support
motivation theory, as motivation was found to explain part of the effect of immediacy (and,
thus, of vocal expressiveness) on affective learning outcomes. However, concerning actual
cognitive learning (i.e., immediate recall), results were mixed. Additionally, testing the un-
derlying process of the effect of vocal expressiveness on recall, we failed to find evidence for
attention-arousal theory, as results showed that neither immediacy nor attention had an effect
on immediate recall.

Since other psychological studies outside the educational research area have suggested a larger
influence of arousal on memory consolidation over time (Christianson & Loftus, 1991; Ey-
senck, 1976; Heuer & Reisberg, 1992; Revelle & Loftus, 1992), and given the lack of studies on
the effect of immediacy on learners’ retention over time (Witt, Wheeless & Allen, 2004), we
conducted a follow-up study to focus on the measurement of delayed recall.

Hence, the current Study 2 investigated the effect of an artificial model with strong vocal ex-
pressiveness, as compared to the (same) artificial model with weak vocal expressiveness on
nonverbal immediacy (H1) and delayed recall (12 days past treatment) (H2). Lastly, we pre-
dicted that immediacy would mediate the effect of vocal expressiveness on delayed recall (H3).

Confirming to our first hypothesis, results showed that an artificial agent with strong vocal
expressiveness can increase perceptions of immediacy, as compared to an artificial agent with
weak vocal expressiveness. This finding is in accordance with our findings of Study 1 and the
literature on human teachers’ nonverbal immediacy (i.e., Mehrabian, 1981; Witt, Wheeless &
Allen, 2004; Ellis, Carmon & Pike, 2016). Therefore, this study strengthens the conclusion that
similar to a human teacher, artificial agents with strong nonverbal cues, such as vocal expres-
siveness, can enhance learners’ perceptions of psychological closeness (i.e., immediacy) with
an artificial teacher.

Next, not providing support for our second hypothesis, results did not provide evidence for
an effect of an artificial agent’s vocal expressiveness (strong vs. weak) on delayed recall. As it
seems, our results do not support the notion that a delay period of 12 days could consolidate
learning effects. On the surface, it appears that our findings of Study 2 are in line with the re-
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search of Comstock et al. (1995), in which the authors failed to find an effect of immediacy of
human teachers on delayed recall, and in contrast with the study of Titsworth (2001), where
such effect was found (for only one type of knowledge assessment). Unfortunately, the article
of Comstock et al. (1995) does not provide details of their experimental methodology (e.g..,
immediacy manipulation and time of post-test), thus a thorough comparison of the studies
(the current study and the two earlier ones) cannot be performed. Nonetheless, one crucial
difference between Titsworth (2001) and Comstock et al. (1995) is the way delayed recall was
assessed. While Titsworth (2001) measured delayed recall at a detailed (i.e., detail test) and
abstract (concept test) level, as it seems Comstock et al. (1995) only measured it at an abstract
level with the use of true-false items (there is no detailed information mentioned in their
article). The results of Titsworth (2001) are comparable with our findings of Study 1, where
we found that vocal expressiveness increased immediate recall when recall was measured in a
detailed level (i.e.., gap-filling test), but not when it was measured in a more abstract level (i.e.,
multiple-choice test).

However, contrary to Titsworth (2001), the present Study 2 does not provide evidence for
an effect of immediacy on delayed recall for both types of assessment. One reason for these
contradictory findings between these two studies might be the time difference in assessing de-
layed recall. That is, while Titsworth (2001) measured delayed recall one week after treatment,
in Study 2, we measured delayed recall approximately after two weeks’ time. A large body of
literature highlights the crucial role of the time interval on the consolidation process. How-
ever, the time interval that sustains complete consolidation has not yet been clarified; thus,
consolidation might encompass a period ranging from weeks to years (Manoli et al., 2018).
Given the unclarity on the interval of memory consolidation, our choice of delayed recall as-
sessment after several days was made, to make our method consistent with other studies that
included measures of retention over time (1-2 weeks). Nonetheless, given that the task was not
very relevant to the participants, it might be that any effects of vocal expressiveness on delayed
recall might have disappeared after 12 days.

In addition, to the type of knowledge assessment and time of post-test, the study of Titsworth
(2001) manipulated a large number of both verbal and nonverbal immediacy cues next to
teacher’s vocal expressiveness (i.e., “we” versus “I” statements, facial expressions, gestures and
body movement). It might be that, if arousal is the underlying process as proposed, the com-
bination of various immediacy cues, or the single effect of an immediacy cue, other than vocal
expressiveness, activated the underlying mechanism of arousal-attention, leading to an in-
crease in delayed recall.

Therefore, although our current findings appear to be in line with Comstock et al. (1995), we
postulate that arousal-attention theory might still be valid when at least three factors are taken
into consideration: 1) the type of knowledge assessment (i.e., detailed versus abstract level); 2)
the time of post-test (i.e., one week versus two weeks); and, 3) the type of immediacy manipu-
lation (i.e., combination of immediacy cues vs. single immediacy cue). Future research could
investigate these issues and manipulate these variables.
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In conclusion, the findings of the current follow-up Study 2 are important as they confirm
our findings of Study 1 that artificial agents with strong nonverbal behaviors, such as vocal
expressiveness, can enhance learners’ perceptions of psychological closeness with the arti-
ficial teacher (immediacy). However, in this Study 2, cognitive learning effects could not
be established after the delay period of 12 days. Nonetheless, these findings are essential, as
they highlight not only the necessity for continued research on cognitive performance over
time associated with immediacy, but also the path that such future research could take, by
identifying factors to be taken into consideration (i.e., type of assessment, time of post-test,
method of immediacy manipulation). Overall, Study 2 complements our Study 1 by com-
pleting the picture on how an artificial agent’s vocal expressiveness impacts immediate and
delayed recall.

4.4 General Discussion

Innovative educational technology tools have a great promise for improving learning, yet
they are often not used to their full potential. Attempts to utilize more of a technology’s
capabilities have led researchers to investigate instructional software tools such as artificial
pedagogical agents. Such agents are designed to facilitate learning by providing instruc-
tional support and stimulating motivation in multimedia learning environments (Clark &
Choi, 2005). Nonetheless, findings regarding their effectiveness for learning are mixed. One
of the reasons for the non-significant effects of artificial agents on learning might be the fact
that while research has investigated artificial teachers’ visual nonverbal cues (i.e., Baylor &
Kim, 2009), their vocal nonverbal cues (i.e., vocal expressiveness) have received little atten-
tion (Valetsianos, 2009).

The current work investigated the effects of artificial agent’s vocal expressiveness on cogni-
tive and affective learning. In addition, the underlying processes of such effects were also
examined. Our findings of Study 1 showed that an artificial agent with strong vocal expres-
siveness increased affective learning. What is more, our findings of Study 1 revealed that
vocal expressiveness is related to affective learning because it promotes nonverbal imme-
diacy. Further, results of Study 1 provided evidence of motivation as a mediator of the path
from immediacy to affective learning. Such findings provide support for motivation theory
that argues on the important role of motivation as an underlying process that (primarily)
influences affective learning.

Consistent with earlier literature, in our current research, cognitive learning was measured
as perceived cognitive learning and actual cognitive leaning (recall at two points in time).
Our findings showed that an artificial agent with strong vocal expressiveness increased per-
ceived cognitive learning, and that this effect is only mediated by nonverbal immediacy
(but not by attention). Concerning actual cognitive learning findings were mixed. Specit-
ically, we found support for the effect of vocal expressiveness on immediate recall (on one
of the two types of assessments), but we found no evidence for an effect on delayed recall.
In addition, neither immediacy nor motivation and attention have been found to explain
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the effect of vocal expressiveness on immediate recall. The effect of vocal expressiveness on
learners’ immediate recall is unclear. This effect could be explained by the affect model the-
ory (see Rodriguez et al., 1996), which identifies affective learning, as the mediating vari-
able between teacher immediacy and students’ cognitive learning. Future research could
investigate whether the affect model could explain the effect of nonverbal immediacy cues
on immediate recall.

Thereby, our findings provide evidence that nonverbal immediacy cues of an artificial
agent, such as vocal expressiveness, might enhance immediate recall but not delayed recall
after 12 days. Given the lack of studies on the effect of immediacy cues on delayed recall,
and given the difference in measurements between the few existing studies, we argue that
more research is needed that takes into account the three factors identified in Study 2: 1) the
type of knowledge assessment (i.e., detailed versus abstract level); 2) the time delay of post-
test (i.e., one week versus two weeks delay) and 3) the type of immediacy manipulation
(i.e., combination of immediacy cues vs. single immediacy cue). In addition, the present
work did not find support for the proposed underlying mechanism of arousal-attention.
However, before we discard this theory, we argue that more research is required to include
advanced measurements of both arousal (i.e., using skin conductance) and attention (i.e.,
using eye-tracking technology).

Furthermore, our current work also has practical implications. That is, our studies provide
practical knowledge on how to optimally design nonverbal vocal expressiveness of artificial
agents in order to facilitate learning. Our studies provide practical recommendations on
how to combine vocal parameters of pitch (tone and variation) and speech rate, so as to
create strong vocal expressiveness that artificial agents can use to enhance perceptions of
closeness of their students and further increase leaning outcomes.

Opverall, results of these two studies show that an artificial agent with strong vocal expres-
siveness has a positive influence on individuals’ affective learning, perceived cognitive learn-
ing, and, to a smaller extent, actual cognitive learning (immediate recall). What is more, our
findings revealed that vocal expressiveness is related to affective learning and perceived
cognitive learning because it reduces psychological distance, thus, promotes immediacy.
Finally, our findings support motivation theory which emphasizes the important role of
motivation as an underlying process that influences affective learning. These findings are
important as they increase our understanding of artificial agents as teachers and the way in
which they should make use of their vocal expressiveness in order to affect learning. These
studies can help create such agents that might one day be important aides in education and
other related domains crucial to our society.
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Chapter 5

General discussion

Pedagogical artificial agents have been studied for more than two decades. Yet, as described
in the General Introduction, the effectiveness of using an artificial agent in a learning envi-
ronment remains unclear. Given the contradicting findings of earlier research, the overall
goal of the current thesis was to examine under which conditions and in which ways an
artificial agent could facilitate learning. In order to attain our overall goal, I broke it down
into three sub-goals, which were empirically examined and reported in this thesis.

In more detail, a crucial condition that been neglected by earlier research is the instruc-
tional method an artificial agent applies in the multimedia learning environment (Heidig
& Clarebout, 2011; Schroeder & Gotch, 2015). Thus, the first sub-goal of the current thesis
was to answer the fundamental question of whether an artificial agent that uses a particular
instructional method (i.e., modeling) is effective for learning (Chapter 2). Next, another
point of confusion is the debate about artificial agents’ visibility in multimedia leaning set-
tings. As shown in the General Introduction, two competing perspectives exist in the liter-
ature on whether the visibility of an artificial agent in multimedia settings hinders or aug-
ments learning (agents-as-complements versus agents-as-distractors) (Frechette & Moreno,
2010). Therefore, the second sub-goal of the current thesis was to examine the conditions
under which the visual presence of the artificial agent (as a model) is beneficial for learning.
Specifically, I hypothesized that the type of learning task (psychomotor versus cognitive)
is a decisive condition for the inclusion of an artificial agent’s visual presence (Chapter 3).
Lastly, the third sub-goal of the current thesis was to examine conditions that increase the
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effectiveness of a visible artificial agent that acts as model for learning. Specifically, I argued
that the effectiveness of an artificial agent as a model depends on the nonverbal behavior
that it appears to exhibit. That is, the third sub-goal was to examine the effects of artificial
model’s vocal expressiveness (i.e., pitch tone, pitch variation and speech rate) as a powerful
form of nonverbal behavior that strengthens students’ learning (Chapter 4).

In the current chapter, I first discuss the findings and contributions of our empirical work in
relation to our three sub-goals highlighted above (sections 5.1, 5.2. and 5.3). Then, I discuss
the findings of our studies in relation to the overarching goal of this thesis (section 5.4).
Next, I discuss directions for future research (section 5.5). Finally, after I specify practical
contributions (i.e., design) and societal contributions that stem from our findings (section
5.6), I present the general conclusion of the thesis (section 5.7).

5.1 Sub-goal 1: Is modeling by an artificial agent effective?

Earlier research has found that behavioral modeling employed by human models is an
effective instructional method. Specifically, past work in the domain of technological in-
novation (the focal domain of Chapter 2) revealed that behavioral modeling by a human
model yields higher scores of computer self-efficacy and better task performance compared
to other commonly used non-modeling instructional methods (i.e., Compeau & Higgins,
1995a; Compeau & Higgins, 1995b). In Chapter 2, I conducted two studies to examine be-
havioral modeling as a facilitating instructional role that an artificial agent can embody in a
multimedia learning environment. In more detail, in Study 1 of Chapter 2, I investigated the
effect of an artificial agent as a behavioral model as compared to two common, non-model-
ing instructional methods (agent-delivered instructional narration and no-agent, text-only
instruction) on learners’ beliefs of their computer-self efficacy and the system’s perceived
ease of use. In line with our hypothesis, the results of Study 1 showed that learners in the
agent-delivered modeling condition reported higher computer self-efficacy, as compared to
learners in the two non-modeling conditions. Additionally, Study 1 showed that learners
in the agent-delivered modeling condition had improved perceptions of ease of use of the
system, compared to learners in the agent-delivered instructional narration condition, but
not when compared with the no-agent, text-only condition. Therefore, our second hypoth-
esis was partially supported, as results were mixed. I attributed this finding to the different
modalities used between the conditions. That is, the no-agent, text-only instruction condi-
tion delivered only visual information to participants, while the agent-delivered modeling
condition delivered information through both visual and auditory modalities. I postulated
that as a result of this, participants in the text-only condition were provided with less con-
crete system experience from the instructional video as compared to participants in the
agent-delivered modeling condition and they might have judged the system’s ease of use
based on their earlier extensive experience with technologies in general.

In Study 1, I examined the effect of the artificial agent functioning as a behavioral model on
learners’ beliefs of their computer self-efficacy and system’s ease of use. The next step was to
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conduct a follow-up study to extend the insights about the effects of agent delivered mod-
eling, as compared to other non-modeling methods, on learners’ declarative knowledge
and task performance. An additional purpose of Study 2 was to further examine the mixed
results regarding system’s perceived ease of use we found in Study 1. Given the limitations
identified in Study 1, in Study 2 we substituted the no-agent, text-only condition with the
no-agent, voice-only narration condition to control for any modality effect (written vs oral)
on participants’ learning. In line with our hypothesis, results of Study 2 showed that par-
ticipants in the agent-delivered modeling condition showed better task performance when
using the system, compared to participants in the two non-modeling conditions. What is
more, as hypothesized, participants in the agent-delivered modeling condition scored sig-
nificantly higher on a declarative knowledge assessment compared to participants in the
agent-delivered instructional narration. However, the results showed that this advantage
was not present when agent-delivered modeling was compared to voice-only instruction-
al narration. This unexpected finding on declarative knowledge assessment could indicate
that learners who receive less visual information in a task (i.e., voice only instructional nar-
ration condition) rely more, and thus, pay more attention to verbal explanation in order to
comprehend a given task. Such an effort to understand the task could have resulted in better
verbal information processing and acquisition, as compared to the agent-delivered instruc-
tional narration (this is further discussed in Section 5.5.). Finally, in line with the findings
of Study 1, results of Study 2 showed that participants in the agent-delivered modeling
condition showed higher computer self-efficacy, as compared to participants in the two
non-modeling conditions. However, although we overcame the modality effect, Study 2 did
not provide evidence for a significant difference in system’s perceived ease of use between
the agent-delivered modeling and the two non-modeling conditions. The lack of success
in reproducing the effect of agent-delivered modeling on participants’ system’s perceived
ease of use, as compared to the agent-delivered instructional narration, as also to find an
effect as compared to voice-only instructional narration, could be attributed to the smaller
sample size as compared to that of Study 1. Due to the fact that the primary goal of Study 2
was to extend findings of Study 1 examining task performance, we ensured that the statis-
tical power was adequate for realizing this goal. Thus, for practical reasons (i.e., related to
task performance measurements), we were not able to further increase the power that was
required to detect an effect on system’s perceived ease of use. Besides other contributions,
Study 2 provides evidence that it is the instructional approach of an artificial agent (i.e.,
modeling) that can positively influence learners’ behavior (i.e., task performance) rather
than the agent’s mere presence (i.e., agent-delivered instructional narration condition).

Overall, findings of Study 1 and Study 2 showed that, similar to a human model, an artificial
model can positively influence learners’ motivational (computer self-efficacy and percep-
tions of ease of use of the system), cognitive (declarative knowledge) and, most importantly,
skill-based (i.e., task performance) learning outcomes, as compared to other non-modeling
instructional methods.
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Finally, as discussed in the general introduction, past research reported contradicting find-
ings on the effect of using an artificial agent on learning outcomes. However, the majority
of past studies focussed either on artificial agent’s presence or appearance (i.e., visible qual-
ities). Studies on artificial agents’ behavior are far less common. Our findings of Chapter
2 suggest that it is the artificial agent’s behavior (i.e., behavioral modeling) rather than its
mere presence that has a positive impact on learning. Therefore, as we have claimed in the
General Introduction, examining the instructional method employed by an artificial agent,
may help clarifying why many studies found no effects while, to the contrary, several other
studies present positive effects.

5.2 Sub-goal 2: What is the value of an artificial agent’s visual presence on learning?

As we discussed in the General Introduction, another point of confusion is the debate
about artificial agents’ visibility in multimedia learning settings. This debate mainly relates
to whether it would be more effective if the instructional design were presented by simpler
means of communication, rather than by an embodied character (Choi & Clark, 2006).
The existing literature contains contradictory theories concerning the overall impact of an
artificial agents visual presence on learning. Specifically, theories such as social presence
theory and social agency theory argue that the artificial agent’s physical presence leads to
well-formed mental models of concepts taught and better learning due to an increased mo-
tivation (i.e., Hoyt et al., 2003; Moreno et al., 2001). Nonetheless, findings of recent studies
are inconclusive in terms of the motivational effect of the artificial agent’s visual presence
(i.e., Chen & Chou, 2015; Dinger & Doganay, 2017; Lin et al., 2020; Park, 2015). On the oth-
er hand, theories, such as cognitive load theory (Sweller, 1988; Sweller 2004), hold that that
such on-screen presence can impose cognitive and affective distractions and, thus, hamper
learning. However, studies on the effects of an artificial agent on cognitive load reported
opposing results (i.e., Dinger & Doganay,2017; Frechette & Moreno, 2010; Moreno et al.,
2001). We proposed that for solving this second inconsistency we need to have a closer look
at the conditions under which an artificial agent’s visual presence is relevant and, therefore,
essential for goal achievement, or irrelevant and, thus, an unnecessary addition.

In Chapter 3, we conducted two studies to investigate whether the learning effect of a visu-
ally present artificial agent as a model is dependent on the type of learning task. According
to Bandura (1986), a model is only effective when it is relevant to the modeled behavior.
Given that the modeled behavior is determined by the learning task, we argue that the type
of learning task determines the relevance of an artificial agent’s visual presence. Specifically,
in Study 1 of Chapter 3, we examined 1) the effects of the interaction between the on-screen
visibility of an artificial model (presence versus absence) and type of task (psychomotor
versus cognitive) on learning outcomes, and 2) whether an artificial agent’s visual presence
becomes more relevant for task performance of a psychomotor task as the level of complex-
ity increases.

Overall, in line with our first hypothesis, our results revealed that learners provided with
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a psychomotor task (behavioral modeling) from a visible artificial agent had better task
performance, and they further reported higher self-efficacy and affective beliefs, as com-
pared to learners who received the same instructions but without the artificial model being
visible to them. To the contrary, and as expected, under the condition of a cognitive task
(cognitive modeling), the visual presence of the artificial model was not found to influence
learners’ task performance, self-efficacy and affective beliefs when compared to learners in
a cognitive task who were confronted with a visual artificial agent. However, there was one
surprising finding. Contrary to our hypothesis, the findings suggested that regardless of the
type of task, learners showed better recall when the artificial model was not visually present.
We explained this unexpected result in light of cognitive load theory and its concept of the
redundancy effect (Sweller et al., 2011). That is, we assumed that under the condition of
behavioral modeling, the artificial model’s visual presence was not necessary for learners to
recall task instructions and, rather, the model’s visual presence might have caused an un-
necessary increase of their extraneous cognitive load. To the contrary, this was not the case
for task performance. We argue that in this case, optimum task performance was based on
the successful integration of the two types of information provided: the visual demonstra-
tion and the auditory narration.

Overall, the findings of this study support our argument on the additional value of the vi-
sual presence of the artificial model being dependant on the learning task to be modeled.
Furthermore, in line with our expectations, our findings revealed that, for the psychomotor
task, the effect of the artificial model’s visual presence on task performance was larger for
the difficult level than for the easy level. Thus, the findings suggest that as the level of com-
plexity of a psychomotor task increases, the visual information provided by the artificial
model becomes more important for learners’ construction of a more accurate mental model
of the task, and, consequently, for better task performance.

In Study 1 (of Chapter 3), it was implicitly assumed that the visual presence of the artificial
agent as a model has a different effect on learners’ cognitive processes depending on the
type of task it models. More specifically, we expected that the visual presence of an artifi-
cial model would reduce extraneous cognitive load when the learning task to be modeled
was psychomotor (i.e., behavioral modeling). We argued that this would not be the case
for modeling a cognitive task (i.e., cognitive modeling). However, this argument was not
tested explicitly. This omission led to Study 2 that aimed not only to replicate but also to
extent findings of Study 1. That is, Study 2 examined effects of the interaction between the
on-screen visibility of an artificial model (presence vs. absence) and type of task (psycho-
motor vs. cognitive) on learners’ performance-related cognitive load. In addition, given
the unexpected finding in Study 1 regarding learners’ recall for the psychomotor task, in
Study 2 we aimed to investigate further the effect of the visibility of an artificial model on
learners’ perceived cognitive load of the recall test for the psychomotor task. In line with
our hypothesis, results revealed that when it comes to the demonstration of a psychomotor
task (behavioral modeling), the visual presence of the artificial model decreased learners’
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perceived cognitive load for the task performance, as compared to those who received the
same psychomotor task instructions, but without the artificial model being visually present.
Furthermore, under the condition of a cognitive task demonstration (cognitive modeling),
the visual presence of the artificial model was not found to influence individuals’ perceived
cognitive load with respect to the task performance, which was in line with our expecta-
tions. Nonetheless, contrary to our second hypothesis, results did not provide evidence that
the visual presence of the artificial model increases learners’ cognitive load related to recall.
Overall, findings of the two studies provide strong evidence that the visual presence of the
artificial model enhanced learners’ self-efficacy, affective beliefs and task performance, as
it also minimized cognitive load associated with their task performance, for psychomotor
tasks (behavioral modeling), but less so for cognitive tasks (cognitive modeling). Thus, re-
sults in Chapter 3 support the argument that the question of whether the visibility of artifi-
cial agents facilitate learning can only be answered by taking into consideration the specific
conditions of their use. Findings of the current work confirm that the type of learning task
that an artificial agent models is an important condition.

5.3 Sub-goal 3: What are the conditions that increase the effectiveness of a (visible) ar-
tificial agent for learning?

The third sub-goal of the current thesis is to examine the conditions that increase the ef-
fectiveness of a visible artificial agent that acts as a model for learning. For this, a closer
inspection of the behavior of human teachers was taken into consideration. As sketched in
the General Introduction, in traditional classroom settings with human teachers, various
nonverbal forms of teacher behavior have been found to increase nonverbal immediacy
(i.e., the teacher’s psychological closeness created through nonverbal communication) and,
subsequently, learning (Ellis, Carmon & Pike, 2016; Witt, Wheeless & Allen, 2004).

In Chapter 4, we conducted two studies to investigate effects of an artificial agent’s vocal
expressiveness (strong vs. weak vocal expressiveness) on affective and cognitive learning.
Specifically, the aim of Study 1 was twofold. Firstly, we examined the effect of vocal ex-
pressiveness (strong vs. weak vocal expressiveness) of an artificial agent on affective and
cognitive learning (immediate recall and perceived cognitive learning). Results supported
our hypotheses showing that an artificial agent with strong vocal expressiveness increased
affective and perceived cognitive learning. Partial support was found for actual cognitive
learning (i.e., immediate recall). The study’s second aim was to examine the underlying
processes of the effect of vocal expressiveness on learning. Our findings revealed that vocal
expressiveness is related to affective and perceived cognitive learning because it promotes
nonverbal immediacy. Secondly, we tested whether motivation or attention explain the ef-
fect of immediacy on affective and cognitive outcomes. Results provided evidence of mo-
tivation as a mediator of the path from immediacy to affective learning, thus supporting
motivational theory (Christopher, 1990). However, not supporting our expectations, results
also showed that neither immediacy nor attention mediated the effect of vocal expressive-
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ness on cognitive learning. Thus, arousal-attention theory was not supported (Kelly & Gor-
ham, 1988; implications are discussed in Section 5.6).

In Study 1 (of Chapter 4), we found mixed effects regarding the effects of vocal expressive-
ness on actual cognitive learning (measured as immediate recall). Similarly, we did not find
evidence supporting attention-arousal theory (Kelly & Gorham, 1988). This theory posits
that immediacy stimulates arousal, which, thereby, affects attention and memory leading to
greater cognitive learning (Kelly & Gorham, 1988). However, other psychological studies
demonstrated the important role of arousal in altering both attention and consolidation of
memories (Christianson & Loftus, 1991; Eysenck, 1976; Heuer & Reisberg, 1992; Revelle &
Loftus, 1992). Such studies suggest that if arousal acts specifically on memory consolida-
tion, its influence magnifies following a delay, as consolidation is a process that occurs over
time. In line with these studies, we argued that a plausible reason for the mixed effects of
vocal expressiveness on recall, as well as for the lack of evidence of immediacy as a mediator
of vocal expressiveness on recall we found in Study 1, might be the fact that we examined
immediate recall (i.e., measured immediately after treatment) rather than delayed recall
(i.e., several days after treatment). Thus, in Study 2, we extended findings of Study 1 by
examining the effect of an artificial agent’s vocal expressiveness on delayed recall. In line
with findings of Study 1, we found that strong vocal expressiveness increased immediacy,
as compared to weak vocal expressiveness However, contrary to our hypothesis, findings
showed that vocal expressiveness of an artificial model did not affect delayed recall (we
provide an explanation of potential reasons of this finding in Section 5.5).

Overall, findings of Chapter 4 suggest that an artificial agent with strong vocal expressive-
ness increases affective learning, perceived cognitive learning and, to a smaller extent, ac-
tual cognitive learning (immediate recall). What is more, our findings revealed that vocal
expressiveness is related to affective learning and perceived cognitive learning because it
reduces psychological distance, thus, promotes immediacy. Finally, our findings support
motivation theory which emphasizes the important role of motivation as an underlying
process that influences affective learning.

5.4 Overall goal: Under which conditions can an artificial agent facilitate learning?

As discussed above, results of earlier research with regard to the overall effect of an artifi-
cial agent on learning are contradicting. In this thesis, we argued that in light of the great
variety of artificial agents performing different tasks and roles in different contexts, as used
in past studies, this issue is too broad to receive a simple answer. Therefore, we proposed
that a more fruitful approach would be to ask under which conditions artificial agents can
facilitate learning.

In order to identify such conditions, the current research shifted its attention to an artificial
agent’s pedagogical behavior, and, specifically, to the instructional method of modeling em-
ployed by an artificial agent. Our focus on the pedagogical behavior of an artificial agent is
opposed to what the majority of earlier studies have focused on (that is, either presence or
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appearance). Our focus on a specific form of behavior of artificial agents reflects our overall
position: it is mainly the artificial agent’s pedagogical behaviors that make a difference in
learning, and therefore, more consideration of the conditions under which such behavior
facilitates learning is required.

Findings of the two studies in Chapter 2 provided evidence in favour of our position. That
is, these findings suggest that it is the artificial agent’s behavior (i.e., modeling) rather than
its mere presence (artificial agent as an information source) that has a positive impact on
learning. Therefore, as we have claimed in the General Introduction, examining the in-
structional method employed by an artificial agent, might help clarifying why some studies
found no effects (Heidig & Clarebout, 2011; Martha, & Santoso, 2019). while, to the con-
trary, other studies present positive effects (Castro-Alonso, et al., 2021; Schroeder, Adesope,
& Gilbert, 2013).

The main reason that studies on pedagogical behavior are less common, may be that they
do not always technically require an embodied agent (Choi & Clark, 2006; VanLehn, 2011).
In fact, one could argue that modeling that takes place in multimedia settings can occur
without the actual visual presence of a model. Findings of our two studies in Chapter 3
confirmed our argument that the visual presence of an artificial agent can be beneficial for
learning, but under certain conditions. In case of modeling by an artificial agent, this con-
dition is the type of learning task to be modelled (cognitive versus psychomotor). Findings
of Chapter 3 add to the findings in Chapter 2, by highlining conditions (i.e., type of task)
under which pedagogical behavior (i.e., instructional method employed) necessitates the
visual presence of an artificial agent for increased learning. In line with our results, we argue
that the visual presence of an artificial agent is beneficial when it helps learners to construct
a more accurate mental model of the learning task (such as in the case of behavioral mod-
eling as opposed to cognitive modeling).

What is more, in the current thesis we aimed to go one step further by examining how the
pedagogical behavior of a visible artificial agent can be strengthened by means of nonverbal
behavior. The two studies of Chapter 4 suggest that an artificial agent with strong nonverbal,
vocal expressiveness has a positive influence on individuals’ perceptions of immediacy and,
in turn, affective learning and perceived cognitive learning. What is more, our findings sup-
port motivation theory (Christopher, 1990) which emphasizes the important role of moti-
vation as an underlying mechanism that relates vocal expressiveness to affective learning.

Overall, our studies combined show that an artificial agent that applies behavioral moeling
can positively influence learners’ beliefs (i.e., self-efficacy), affective and skill-based learning
(i.e., task performance). Under the condition of a psychomotor task (implying behavioral
modeling), the visibility of the agent has beneficial effects on learners’ beliefs (i.e., self-ef-
ficacy), affective and skill-based learning (i.e., task performance) and minimizes task-per-
formance cognitive load. What is more, under certain conditions (i.e., increased difficulty
of a psychomotor task), the visual presence of an artificial agent becomes even more vital
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for enhancing learners’ psychomotor skills. Lastly, the benefits of behavioral modeling for
affective learning are further strengthened when the agent employs enhanced nonverbal
behavior (i.e., strong vocal expressiveness).

However, there are also ambivalent findings. The current work provides limited evidence
when it comes to the beneficial effect of an artificial agent as a model on cognitive learn-
ing. That is, findings in Chapter 2 showed that there was no significant difference in recall
between participants in the agent-delivered modeling condition and no-agent, voice-only
instructional narration. What is more, findings of Chapter 3 suggest that the sole visu-
al presence of an artificial agent as a behavioral model may even have aversive effects on
cognitive learning (i.e., recall of the instructions) independent of the type of leaning task
being modelled (although we failed to replicate this finding). Studies in Chapter 4 provided
only partial support with regard to the effect of an artificial agent’s vocal expressiveness on
immediate recall and no effect on delayed recall, both of which are examples of cognitive
learning outcomes.

These findings suggest that the inclusion of an artificial agent in multimedia learning envi-
ronments might not be necessary for enhancing participants’ recall. Nonetheless, given that
recall is only one example of a cognitive leaning, the current thesis cannot draw conclusions
about the effect of an artificial agent on cognitive learning overall (see below for a discus-
sion of cognitive learning and future research). However, the important contribution of our
work is that it paves the way for future research to investigate conditions under which an
artificial agent might have aversive effects on cognitive learning (see Section 5.5. below).

5.5 Directions of future research

Throughout all empirical chapters we identified specific limitations as also potential areas
for future research that derive from these findings and limitations. In this section, we rec-
ognize a number of more general directions for future work that stem from the studies of
the current thesis.

Firstly, the current studies assessed, amongst others, the effect of modeling by an artificial
agent on recall, as an example of cognitive learning outcome. The results of our studies
do not seem to suggest a strong effect on recall. Nonetheless, according to Bloom’s taxon-
omy (Bloom, 1994) recalling important information is the first level out of the six levels
that comprise the cognitive learning domain. The others are understanding, application,
analysis, synthesis, and evaluation. We postulate that the inclusion of an artificial agent
functioning as a model might be effective for higher levels of cognitive learning outcomes.
Hence, we suggest future work to examine the effect of an artificial model on other levels of
the cognitive learning domain. We argue that this is important because, due to the internet
and continuous online connectivity, recalling information is becoming less vital (Dong, G.,
& Potenza, 2015; Firth et al., 2019). To the contrary, educational technologies necessitate
the development of more advanced cognitive skills such as synthesis and evaluation of in-
formation (Michael & Godfrey, 2014).
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What is more, all experiments presented in this thesis provide learners with a short du-
ration of multimedia learning (~10 min). Thus, although the current research provided
evidence for the effective of modeling by an artificial agent, future research is required to
examine the effects of repeated and prolonged exposure to an artificial model on learning.

In addition, the current thesis stresses the necessity to re-evaluate the different theories
that discuss the effectiveness of artificial agents” visual presence for learning. That is, our
results in Chapter 3 do not provide evidence that the mere presence of an artificial agent
has a positive impact on learning as claimed by earlier theories (i.e., social presence theory,
Hoyt, Blascovich & Swinth, 2003; and social agency theory, Moreno et al., 2001). As we
have argued, such theories are incomplete, and, therefore, future research could identify
and examine other conditions under which the inclusion of an artificial agent’s sole visual
presence can facilitate learning. We hypothesize that a framework for such conditions could
be related to learners’ feelings of loneliness and isolation as a consequence of reduced so-
cial presence and psychological immediacy in online learning environments, compared to
in-person instruction (Jeste, Lee & Cacioppo, 2020). In fact, earlier research has shown that
social exclusion increases both attentiveness to social cues (Pickett, Gardner & Knowles,
2004) and attributions of human-likeness to artificial agents (Epley, Waytz, Akalis & Ca-
cioppo, 2008). Further, it has been found that socially excluded people are more easily per-
suaded by an artificial agent to change their behavior (Ruijten, Midden & Ham, 2015).

Similarly, our findings do not provide support for the set of theories that claim that artifi-
cial agents are distractors of learning, such as cognitive load theory (Sweller 2004; Sweller,
Ayres, & Kalyuga, 2011). That is, our work in Chapter 3, provides evidence against cogni-
tive load theory, when the type of task being modeled is considered. More specifically, our
findings reveal the effectiveness of modeling by an artificial in increasing learners’ self-ef-
ficacy, affective beliefs, and task performance, while minimizing task performance-related
cognitive load for psychomotor tasks as opposed to purely cognitive tasks. However, some
support was found for cognitive learning. That is, the current research provided some ev-
idence that an artificial model can negatively affect learners’ recall regardless of the type
of learning task it demonstrates. However, we could not to replicate this finding, as recall
in Study 2 (of Chapter 3) was measured in a different way from Study 1 (of Chapter 3)
(i.e., in Study 2 there were less multiple-choice questions and additional use of gap-filling
questions). Therefore, we argue that future research could further examine the impact of
the visibility of an artificial agent as a model on cognitive learning, by having as a reference
how recall was measured in Study 1 (of Chapter 3). Furthermore, we propose that theories
opposing the instructional benefit of an artificial agent, like cognitive load theory could
benefit by specifying conditions under which the coexistence of visualizations and verbal
explanations (as in the case of modeling by an artificial agent) can facilitate or hamper
learning. Our findings suggest that such a condition might be the type of learning outcome
(cognitive, psychomotor).

Finally, our findings in Chapter 4 provide some evidence on the effect of artificial agent’s
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vocal expressiveness on immediate recall, but no evidence on delayed recall (measured af-
ter 12 days). Given the lack of studies on the effect of immediacy cues on delayed recall,
and given the difference in measurements between the few existing studies (Comstock et
al., 1995; Titsworth, 2001), we argue that more research is needed that takes into account
the three factors identified in Study 2 (of Chapter 4): 1) the type of knowledge assessment
(i.e., detailed versus abstract level); 2) the time of post-test (i.e., one week versus two weeks
delay) and 3) the type of immediacy manipulation (i.e., combination of immediacy cues
vs. single immediacy cue). In addition, the present work provide support for motivational
theory, but not for the proposed underlying mechanism of arousal-attention. However, be-
fore we discard this theory, we argue that more research is required to include more direct
measurements of arousal (e.g., using skin conductance) and attention (e.g., using eye-track-
ing technology). We deem that such more direct measurements are necessary in order to
exclude the possibility that our findings are due to measurement limitations as it is difficult
for learners to estimate their own level of arousal and attention subjectively.

5.6 Contributions to design and society

The current work contributes to the improvement of human-agent interaction design that
takes place in multimedia learning environments. Below we describe several recommen-
dations for interaction designers who wish to include artificial agent as educational tools.
Firstly, the current research demonstrates the benefits of using artificial agents that act as
models in order to improve learning. Secondly, our work clarifies the conditions under
which including a visible artificial model in the learning environment is worthwhile in
terms of time, money and energy invested in the design process. That is, an artificial agent
as a model could be a valuable tool when the task to be modeled is psychomotor (behavioral
modeling). This is because, as our results suggest, an artificial agent as a behavioral model
can enhance learner’s self-efficacy beliefs, affect and task performance, as also to minimize
task performance-related cognitive load. Thirdly, our research suggests that interaction de-
signers should also take into consideration the complexity of the psychomotor task to be
modeled when deciding upon the inclusion of an artificial model. This is because as the
complexity of a given psychomotor task increases, the visual presence of an artificial mod-
el becomes more vital for learning. Fourthly, our research provides practical knowledge
on how to design nonverbal vocal expressiveness of artificial agents in order to further
strengthen learning. That is, we provide a practical example on the combination of the vocal
parameters of pitch (tone and variation) and speech rate, so as to create strong vocal ex-
pressiveness. Finally, the remaining two recommendations that stem from our work pertain
to the cases in which designers should restrain from using an artificial agent in a learning
environment. One such case is when a task to be modeled by an artificial agent is purely
cognitive, or when the learning objective is exclusively of a cognitive nature (i.e., recall).
Lastly, when modeling by an artificial agent cannot be implemented, designers should avoid
using an artificial agent that acts as an information source, as it does not appear to have any

beneficial effect on learning.
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Besides practical contributions to the human-agent interaction design, the work presented
in this thesis make particular contributions that are relevant to the educational communi-
ty. In the current work we used insights from research on human teachers’ instructional
methods (i.e., modeling) and communication (i.e., non-verbal immediacy) and transfer
them to research on pedagogical artificial agents. However, the transfer of insights the other
way around might also be useful. We argue that the current insights might also be valuable
for human teachers. Specifically, our findings suggest that the provision of opportunities
for students to experience concepts through teacher’s modeling for increased learning is
important. In addition, our work recommends that teachers’ nonverbal behavior (such as
vocal expressiveness) are educational assets that can increase perceived cognitive learning,
strengthen immediacy which in turn increases student motivation and, thereby, affective
learning.

Finally, the strong evidence that the current thesis provides with regard to the beneficial
effect of artificial agents on learning evokes ethical, moral, and philosophical questions
regarding the actual employment of pedagogical artificial agents in multimedia learning
environments. More specifically, future work could explore the properties that pedagogical
artificial agents must have in order to be considered moral agents and whether their deploy-
ment and functioning is morally justified (i.e., Himma, 2009).

5.7 General conclusion

The primary aim of the current thesis was to shed light on the conditions under which
artificial agents can facilitate learning. More specifically, this research focused on artificial
agents’ pedagogical behavior, and, specifically, on the instructional method they apply in a
learning environment.

In sum, the findings of the current research reveal that modeling by an artificial agent is
more effective as compared to other non-modeling methods in enhancing learners’ beliefs
of self-efficacy, affective learning and task performance (Chapter 2). What is more, our
work also reveals the conditions under which the visual presence of an artificial model
is beneficial for learning (Chapter 3). That is, the learning task being modeled is a deci-
sive factor of whether the visual presence of an artificial model enhances learning. More
specifically, the visual presence of an artificial model is beneficial for psychomotor tasks
(i.e., behavioral modeling), as it increases self-efficacy beliefs, and affective and skill-based
learning. However, this is not the case for cognitive tasks (i.e., cognitive modeling). Fur-
thermore, the level of task complexity of a psychomotor task determines the importance
of the on-screen visibility of an artificial agent. That is, as the level of the task complexity
of a psychomotor task increases, the visual presence of an artificial agent becomes more
essential for the improvement of learners’ skill-based learning. Further, the current results
show that the benefits of behavioral modeling by an artificial agent for affective learning
are further strengthened when the agent employs enhanced nonverbal behavior (i.e., vocal
expressiveness) (Chapter 4). Finally, our work provides ambivalent findings on the effects
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of modeling employed by an artificial agent on recall as an example of cognitive learning.
However, such findings provide interesting directions for fruitful future research.

Opverall, going back to the hypothetical scenario described in in the General Introduction,
the current research attempted to answer the question of whether an artificial agent can be
effective in teaching how to play the piano. The current thesis has shown that an artificial
agent that acts as a model could effectively do it. Nonetheless, the process of learning piano
includes both cognitive learning tasks (i.e., reading/writing music theory) and psychomo-
tor learning tasks (i.e., playing the piano). This research suggests that the visual presence
of an artificial model is not necessary for mastering such cognitive tasks but is essential for
enhancing actual piano performance. Finally, an artificial agent modeling while making use
of enhanced nonverbal behavior can further assist one to become a decent pianist, and, who
knows, maybe the next Mozart.
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Appendices

The following appendices are included on the next pages:

A. Questionnaires of Chapter 2

This appendix contains the questionnaires as used in Study 1 (specific self-efficacy, system’s
perceived ease of use and general self-efficacy) and Study 2 (declarative knowledge test and
user booklet) of Chapter 2.

B. Questionnaires of Chapter 3

This appendix contains the questionnaires as used in Study 1 (recall test for both psychomo-
tor and cognitive tasks and affective learning) and Study 2 (performance-related cognitive
load for both psychomotor and cognitive tasks, recall test both psychomotor and cognitive
tasks and recall-related cognitive load for the psychomotor task) of Chapter 3.

C. Questionnaires of Chapter 4

This appendix contains the questionnaires as used in Study 1 (nonverbal vocal immediacy;,
affective learning, motivation, attention, recall test) of Chapter 4.

127






Appendix A Questionnaires
of Chapter 2

A.1 Questionnaire of Study 1
Specific computer self-efficacy

« I believe I have the ability to scroll up and down on a webpage using the GazeTheWeb
browser.

o [ believe I have the ability to begin a web search using the GazeTheWeb browser.

« I believe I have the ability to correct errors made when typing a search term using
the GazeTheWeb keyboard.

« I believe I have the ability to open hyperlinks using the GazeTheWeb browser.

« [ believe I have the ability to type a search term using the GazeTheWeb keyboard.

System’s perceived ease of use

« My interaction with GazeTheWeb will be clear and understandable.

« Interacting with GazeTheWeb will not require a lot of my mental effort.
« [ will find it easy to get GazeTheWeb to do what I want it to do.

o Overall, I will find GazeTheWeb easy to use.

General self-efficacy
I could complete a job using a software package...

o ...If there was no one around to tell me what to do as I go.
o ...Ift T had only the software manuals for reference.
o ...If  had seen someone else using it before trying it myself.
o ...if I could call someone for help when I got stuck.
o ...If someone else had helped me get started.
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o ...If T had a lot of time to complete the job for which the software was provided.
o ... It T had just the built-in help facility for assistance.
o ...If somebody else showed me how to do it first.

A.2 Questionnaire of Study 2

Multiple-choice questions (for declarative knowledge assessment)

1. Which of the following is NOT an icon of GazeTheWeb?

A. A “T” icon.

B. A finger-point button.
C. A diamond icon.

D. A “Y” icon.

2. Which of the follow propositions is true?

A. While scrolling, the scroll buttons change color form

orange to brown indicating the scroll progress.

B. While scrolling, the scroll buttons change color form orange to brown indicating
the number of most relevant page results.

C. While scrolling, the scroll buttons change color form orange to blue indicating the
scroll progress.

D. While scrolling, the scroll buttons change color form orange to blue indicating the
number of most relevant page results.

3. What happens when the “hyperlink navigation” function is activated?

A. The web page starts zooming in.

B. The eye icon changes to a finger-point button.

C. A new tab is open for every link present on-screen.
D. You can copy the URL of the desired link.

4. The color of the cursor on GazeTheWeb is white, so as...

A. ...to be easier to find it on screen.
B. ...to prevent eye strain.

C. ...to be aesthetically pleasing.

D. ...to increase the productivity.

5. The right-hand side panel of GazeTheWeb contains...

A. ...buttons such as the tab overview, the going back and the forward button.

B. ...buttons to interact with a web page (e.g. link selection, automatic scrolling but-
ton).

C. ...buttons to apply a query to search engine or directly start the search.
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D. ...the GazeTheWeb logo and the input field.

6. The backspace icon is located...

A. ...t the left-hand side of the virtual keyboard.
B. ...at the right-hand side of the virtual keyboard.
C. ...in the middle of the virtual keyboard.

D. ...at the bottom of the virtual keyboard.

7. To deactivate the “automatic scrolling” function you must...

A. ...select another button and wait for automatic swap among functions.

B. ...focus your gaze on the icon related to the function you want to deactivate.

C. ..move back to the homepage.

D. ...activate the keyboard and wait for automatic deactivation of any previously ac-
tivated function.

8. The left-hand side panel of GazeTheWeb contains...

A. ..buttons such as the tab overview, the going back and the forward button.
B. ...buttons to interact with a web page (e.g. link selection, scrolling button).
C. ...buttons to apply a query to search engine or directly start the search.

D. ...the GazeTheWeb logo and the input field.

9. What is the difference between icons with the arrows on the right-hand side and the
left-hand side of the keyboard?

A. The arrows on the right-hand side move the cursor to the previous/next letter
while the arrows on the left-hand side move the cursor to the previous/next word.

B. The arrows on the right-hand side move the cursor to the previous/next word
while the arrows on the left-hand side move the cursor to the previous/next letter.

C. the arrows on the right-hand side move the cursor only to the previous letter while
the arrows on the left-hand side move the cursor only to the next letter.

D. the arrows on the right-hand side move the cursor only to the previous word while
the arrows on the left-hand side move the cursor only to the next word.

10. Which icon activates the “automatic scrolling” function?

A. A left-oriented arrow.

B. A square containing a number.

C. A diamond.

D. None of the previous: automatic scrolling is activated by default.
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11. The finger-point button...

A. ..activates the keyboard.

B. ...activates the copy-paste function.

C. ...allows to pass from a tab page to another.
D. ...allows hyperlink navigation.

12. Besides automatic scrolling, scroll buttons are also located...

A. ..at the top and the bottom of a page.
B. ...at the left and right side of a page.
C. ...in the middle of a page.

D. ...there are no such scroll buttons.

13. Similar to other icons, how do you deactivate the zoom icon once it is selected?

A. it is deactivated automatically once it is used.
B. By focusing the eyes on the same icon.

C. By moving back to the homepage.

D. By focusing forward to the next page.

14. Which of the GazeTheWeb icons below would you use to start the search directly
after you have typed your search term on the keyboard?

+H M
HE -

15. Which of the GazeTheWeb icons below would you use to apply the search term on
the search engine after you have typed it on the keyboard?

+H =4
cHE -0

User booklet (for task performance assessment)
Instructions: Conduct a web search using GazeTheWeb

Your task involves performing a web search using GazeTheWeb, as explained in the instruc-
tional video you watched before.

132



Appendix A Questionnaires of Chapter 2

Specifically:

Your mission is to type hello world and then, to open the “hello word “program-Wikipedia
page. Once it opens, find the last paragraph (located almost at the bottom of the page, just
before the references section).

Find the last two words of this last paragraph and write them down in the sentence below:

“It is significantly more useful for developers, however, as it provides an example of how to cre-
ate a deb package, either traditionally or using debhelper, and the version of hello used, GNU
Hello, serves as an example of how to write a g

Tips before you start:

o Please perform the task as fast and as accurately as possible. Both errors and speed are
equally important for a performance to be considered successful.

» You can ask experimenters’ assistance when you think that their intervention is nec-
essary. However, please ask for assistance only after you have tried yourself inde-
pendently.

« The above does not apply in case you encounter any problems with the eye-tracker.
In case you face any difficulty in operating the system with your eyes call the experi-
menter immediately.
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B.1 Questionnaire of Study 1
Recall test for psychomotor task

1. What is the hand gesture for moving a block to the right?

a) Using the right hand, release fingers wide and then make a fist.

b) Using the left hand, make a fist with the left hand, and then release fingers wide.
c) Using the right hand, make a fist, and then release fingers wide.

d) Using the left hand, release fingers wide and then make a fist.

e) I do not know.

2. What is the hand gesture for moving a block to the left?
a) Using the left hand, release fingers wide and then make a fist.
b) Using the right hand, make a fist, and then release fingers wide.
c) Using the right hand, release fingers wide and then make a fist.
b) Using the left hand, make a fist with the left hand, and then release finger wide.
e) I do not know.

3. What is the hand gesture for rotating a block clockwise?
a) Using the right hand turn your palm of up towards the ceiling, and then down

towards the floor.
b) Using the right hand, turn your palm down towards the floor and then up towards

the ceiling.
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c) Using the left hand, turn your palm of up towards the ceiling, and then down to-
wards the floor.

d) Using the left hand, turn your palm down towards the floor and then up towards
the ceiling.

e) I do not know.

4. What is the hand gesture for rotating a block counterclosckwise?

a) Using the left hand, turn your palm of up towards the ceiling, and then down to-
wards the floor.

b) Using the right hand turn your palm of up towards the ceiling, and then down
towards the floor.

c¢) Using the left hand, turn your palm down towards the floor and then up towards
the ceiling.

d) Using the right hand, turn your palm down towards the floor and then up towards
the ceiling.

e) I do not know

Recall test for cognitive task

1. What is the math operation for moving a block to the right?

c) L+X
b) M-L
c) L+M
d) L-M
e) I do not know

2. What is the math operation for moving a block to the left?

a) L+M
b) L+X
c) M-L
d) L-M
e) I do not know

3. What is the math operation for rotating a block to the clockwise?
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4. What is the math operation for rotating a block counterclosckwise?
a)X+L=(+)R*90
b) X+R= (+) L*90
)X +L=-R*90
d) X +R=-L*90
e) I do not know

Affective learning (for both psychomotor and cognitive tasks)

I feel the content of the video, pertained to playing Tetris using hand movements/using
math calculations was:

e “Bad - Good”
o “Worthless — Valuable”
« “Negative — positive”

I feel that the instructor of the video on how to play Tetris using hand movements/using
math calculations was:

e “Bad - Good”
o “Worthless — Valuable”
* “Negative - positive”

B.2 Questionnaire of Study 2
Performance-related cognitive load for psychomotor task

« How much mental effort did you invest in completing the performance test?
» How easy or difficult was it to complete the performance test?
« In terms of learning how to play the Tetris game by performing the gestures...
0 ... the demonstrations and instructions in this video were very ineffective.
0 ... the demonstrations and instructions in this video were very unclear.
o ... the demonstrations and instructions in this video used unclear movements
and language.

Recall test for psychomotor task (gap filling questions)

“Now I will explain how you can rotate a block. To do this: hold one ___ (1) next to
you with your ___ (2) close to your ___ (3) and your ___ (4) 90 degrees to your ___
(5) arm.”

Recall-related cognitive load for psychomotor task

« How much mental effort did you invest in completing the recall test?
« How easy or difficult was it to complete the recall test?
« In terms of recalling the gestures...
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0 ... the demonstrations and instructions in this video were very ineffective.

0 ... the demonstrations and instructions in this video were very unclear.

o ... the demonstrations and instructions in this video used unclear movements
and language.

Performance-related cognitive load for cognitive task

« How much mental effort did you invest in completing the performance test?
» How easy or difficult was it to complete the performance test?
o In terms of learning how to play the Tetris game by solving math calculations...
0 ... the demonstrations and instructions in this video were very ineffective.
0 ... the demonstrations and instructions in this video were very unclear.
o ... the demonstrations and instructions in this video used unclear movements
and language.

Recall test for cognitive task (gap filling questions)

“L is the line score, and, (1) is the number of times that you want to rotate a block.
This number gets a ___ (2) sign for a ___ (3) rotation and a __ (4) sign for ___ (5)
rotation’”.
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C.1 Questionnaire of Study 1
Nonverbal vocal immediacy

The artificial teacher...
» ...has an unpleasant / annoying voice - Has a pleasant voice.
« ...uses an inexpressive / dull voice - Uses an expressive / energetic voice.
» ...has a boring / unanimated voice - Has an enthusiastic / animated voice.

» ...has an unappealing/ unengaging voice - Has an appealing / engaging voice.

» ...has an unfriendly voice - Has a friendly voice.

Affective learning
« I feel the content of the instructional video is:

o “Bad - Good”
o “Worthless — Valuable”
o “Negative - positive”

o I feel that the teacher I had during the instructional video is:

o Bad - Good”
o “Worthless — Valuable”
o “Negative - positive”
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My likelihood of taking future video tutorials (assuming they were available) with
this specific teacher is:

0 “Bad - Good”
o “Worthless — Valuable”
o “Negative - positive”

Motivation
During the instructional video I felt...

» “Motivated — Unmotivated”

o “Interested — Uninterested”

« “Involved — Uninvolved”

o “Not stimulated - Stimulated”
« “Inspired - Uninspired”

o “Unenthused - Enthused”
 “Excited - Not excited”

e “Aroused - Not aroused”

» “Not fascinated — Fascinated”

Attention
During the instructional video:

« I paid close attention to the instructional video.

« [ was able to concentrate on the video.

« The video held my attention.

« [ was absorbed by the presented software activity.

Recall test

A) Gap-filling questions

 Hello, this is Eric, and, in this tutorial, we will cover the basics of 1) ___. Thisisa
new web browser that you can control using2) .

« To move around in the text faster and to correct possible typing errors you can use
the icons with the 3) __.

» GazeTheWeb can capture your eye movements througha4) __ 5)

« Page Navigation is possible by looking at the scroll buttons, located on the 6) ___
and 7) ___ of the page.

» While scrolling, these buttons change color from 8) _ to 9) ___ indicating my
scroll progress.
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B) Multiple choice questions
1. The right-hand side panel of GazeTheWeb contains...

A. Buttons such as the tab overview, the going back and the forward button.

B. Buttons to interact with a web page (e.g. link selection, automatic scrolling button).
C. Buttons to apply a query to search engine or directly start the search.

D. The GazeTheWeb logo and the input field.

E.Idon’t know.

2.The left-hand side of GazeTheWeb contains ...

A. ..buttons such as the tab overview, the going back and the forward button.

B. ...buttons to interact with a web page (e.g. link selection, automatic scrolling but-
ton).

C. ...buttons to apply a query to search engine or directly start the search.

D. ...the GazeTheWeb logo and the input field.

E.Idon’t know.

3. Which of the following is NOT an icon of GazeTheWeb?

A. A “T” icon.

B. A finger-point button.
C. A diamond icon.

D. A “Y” icon.

E. I don’t know.

4. To begin a web search on GazeTheWeb, you should focus your eyes on the T button until
it changes color...

A. ..from red to brown.

b. ...from orange to blue.
C....from orange to brown.
D....from grey to blue.
E.Idon’t know.

5. The backspace icon is located...

A. ...t the left-hand side of the virtual keyboard.
B. ...At the right-hand side of the virtual keyboard.
C. ...in the middle of the virtual keyboard.

D. ...at the bottom of the virtual keyboard.

E. ..I don’t know.

6. What is the difference between icons with the arrows on the right-hand side and the left-
hand side of the keyboard?

A. The arrows on the right-hand side move the cursor to the previous/next letter
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while the arrows on the left-hand side move the cursor to the previous/next word.

B. The arrows on the right-hand side move the cursor to the previous/next word
while the arrows on the left-hand side move the cursor to the previous/next letter.

C. The arrows on the right-hand side move the cursor only to the previous letter
while the arrows on the left-hand side move the cursor only to the next letter.

D. The arrows on the right-hand side move the cursor only to the previous word
while the arrows on the left-hand side move the cursor only to the next word.

E. I don’t know.

7. Which icon activates the “automatic scrolling” function?

A. A left-oriented arrow.

B. A square containing a number.

C. A diamond.

D. None of the previous: automatic scrolling is activated by default.
E. I don’t know.

8. What happens when the “hyperlink navigation” function is activated?

A. The web page starts zooming in.

B. The eye icon changes to a finger-point button.

C.A new tab is open for every link present on-screen.
D. You can copy the URL of the desired link.

E. I don’t know.

9. how do you deactivate the zoom icon once it is selected?

A. it is deactivated automatically once it is used.
B. By focusing the eyes on the same icon.

C. By moving back to the homepage.

D. By focusing forward to the next page.
E.Idon’t know.

10. The finger-point button...

A. ..activates the keyboard.

B. ...activates the copy-paste function.

C. ...allows to pass from a tab page to another.
D. ...allows hyperlink navigation.

E. I don’t know.

11. The text selection icon contains...
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12. Immediately after the text selection button has been clicked, a message appears on
screen asking....

A. ...to look at the end point of the text selection.

B. ...to copy text to clipboard.

C. ...to look at the starting point of the text selection.

D. ...to look both at the starting and end point of the text selection.
E. I don’t know.

13. The clock button...
A. ...is used to bookmark a page.
B. ...shows the tabs that are currently open.
C. ...is used to cancel the action and go back to the navigation panel.
D. ...shows the history of all the actions performed within the GazeTheWeb environ-
ment.
E.Idon’t know.

14. How would you access bookmarks that have been already saved?

A. By focusing on the pencil button and then on the star-shaped button.
B. By focusing on the pencil button and then on the agenda button.

C. By focusing on the star-shaped button and then on the pencil button.
D. By focusing on the agenda button and then on the pencil button.
E.Idon’t know.

15. Which of the GazeTheWeb icons below would you use to start the search directly after
you have typed your search term on the keyboard?

N O |
B.
o/
o |

16. To create a bookmark, which of the gaze the web icons below would you use?

s
B.
c B
0.0
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17. To reload a tab, which of the gaze the web icons below would you use?

A. A chatbox.
B. A pencil.

C. A star.

D. A clock.

E. I don’t know.

18. Which of the GazeTheWeb icons below would you use to apply the search term on the
search engine after you have typed it on the keyboard?

A E
B
c 4
o &

Artificial agent’s likeability

o “Dislike - Like”

o “Unfriendly - Friendly”
¢ “Unkind - Kind”

o “Unpleasant — Pleasant”
o “Awful - Nice”

144



Summary

Understanding artificial agents as facilitators of learning

The role of the teacher has transformed over time from traditionally being disseminator
of information to facilitator of learning. This transformation, coupled with the increased
availability and sophistication of technology in recent decades, motivated the question of
whether technology can become the teacher itself. This question led to a new line of re-
search examining the use of embedded artificial agents (so called pedagogical agents)-an-
thropomorph virtual characters that serve various instructional functions in multimedia
learning environments.

Despite artificial agents’ vast potential as educational tools, findings regarding their overall
effectiveness for learning are mixed. In the current thesis, we argued that in light of the
great variety of artificial agents used in past studies, performing different tasks and roles in
different contexts, studying their effectiveness in general is too broad to receive a simple an-
swer. Instead, we proposed that a more fruitful approach would be to explore under which
conditions artificial agents can facilitate learning. Thus, the overall goal of the current thesis
was to examine under which conditions and in which ways an artificial agent can facilitate
learning.

Despite the fact that human teachers’ instructional methods have been found to have a tre-
mendous impact on students’ learning, the instructional methods an artificial agent applies
in the multimedia learning environment has received little attention in earlier research.
The current work, in line with voices echoing that artificial agents may be effective due to
their pedagogy rather than merely their appearance, argues that more research is warranted
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on artificial agents’ instructional method. Thus, the research question, examined in Chap-
ter 2, was whether the instructional method of modeling (learning by observing another’s
behavior) employed by an artificial agent is effective for learning. To answer this question,
we conducted two experimental studies, in which modeling by an artificial agent was com-
pared to other commonly used non-modeling instructional methods: a) agent-delivered in-
structional narration (=agent as a source of information), b) no agent, text-only instruction,
and c) no agent, voice-only instructional narration. Overall, according to our hypotheses,
findings of Chapter 2 show that an artificial model can positively influence learners’ mo-
tivational (i.e., computer self-efficacy and perceptions of ease of use of the system), cogni-
tive (i.e., declarative knowledge) and, most importantly, skill-based (i.e., task performance)
learning outcomes, as compared to other popular non-modeling instructional methods.

The negligence of systematic examination of artificial agents’ instructional method has been
attributed to the argument that it does not technically require an embodied agent. In fact,
two competing perspectives exist in the literature on whether the visibility of an artificial
agent in multimedia settings hinders or augments learning (“agents-as-complements” ver-
sus “agents-as-distractors”). In this thesis, we argued that it is crucial to investigate this issue
turther, because in contrast to modeling taking place in classrooms, modeling taking place
in multimedia settings can occur without the actual visual presence of a model. Therefore,
the research question examined in Chapter 3 was whether the positive effects of modeling
by an artificial agent on learning depend on the visual presence of the artificial agent. Spe-
cifically, we examined whether the type of learning task (psychomotor versus cognitive) is
a decisive condition for the inclusion of an artificial agent’s visual presence. Specifically, the
first experimental study of Chapter 3 aimed to examine effects of the interaction between
the on-screen visibility of an artificial model (presence vs. absence) and type of task to be
modelled (psychomotor vs. cognitive) on learning outcomes (recall, affective beliefs, and
task performance). Thus, in Study 1, it was implicitly assumed that the visual presence of
the artificial agent has a different effect on learners’ cognitive processes depending on the
type of task it models. Therefore, in the second experimental study of Chapter 3, we aimed
to extend findings, by examining whether learners’ perceived cognitive load changes de-
pending on the match between the visibility of the artificial model and the type of task.
Overall, confirming our hypotheses, findings of Chapter 3 show that the visual presence of
the artificial model enhances learners’ self-efficacy, affective beliefs and task performance,
and that visual presence also minimizes cognitive load associated with task performance for
psychomotor tasks (behavioral modeling), but less so for cognitive tasks (cognitive model-
ing).

The final goal of the current thesis was to examine the conditions that increase the effec-
tiveness of a visible artificial agent for learning. Specifically, the research question examined
in Chapter 4 was whether and how an artificial models’ nonverbal behavior can increase
learning outcomes (affective and cognitive learning). To answer this question, we conduct-
ed two experimental studies, in which an artificial model showing strong vocal expres-
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siveness (i.e., higher pitch tone, more pitch variation, higher speech rate) was compared
to an artificial model showing weak vocal expressiveness (i.e., lower pitch tone, less pitch
variation and lower speech rate). Overall, confirming our hypotheses, findings of Chapter 4
showed that an artificial agent with strong vocal expressiveness increased affective learning,
perceived cognitive learning and, to a smaller extent, actual cognitive learning (immediate
recall). What is more, our findings revealed that vocal expressiveness is related to affective
learning and perceived cognitive learning because it reduces psychological distance, and
thereby promotes immediacy. Finally, our findings motivation theory which argues that
strong nonverbal cues, such as vocal expressiveness, increase perceptions of immediacy,
which has a positive effect on motivation leading to enhanced affective learning.

The work presented in the current thesis revealed that modeling by an artificial agent is
more effective than other non-modeling methods in enhancing learners’ beliefs of self-ef-
ficacy, affective learning, and task performance. What is more, our work also revealed the
conditions under which the visual presence of an artificial model is beneficial for learning.
That is, the learning task being modeled is a decisive factor of whether the visual presence of
an artificial model enhances learning. More specifically, the visual presence of an artificial
model is beneficial for psychomotor tasks as it increases self-efficacy beliefs, and affective
and skill-based learning. However, this is not the case for cognitive tasks. Further, the cur-
rent results showed that the benefits of behavioral modeling by a visible artificial agent for
affective learning are strengthened when the agent employs enhanced nonverbal behavior
(i.e., vocal expressiveness).

Opverall, the findings of the current thesis are important as they increase our understanding
of the conditions under which artificial agents as teachers can facilitate learning. This work
can help create such agents that might one day be important aides in education and other
related domains crucial to our society.
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