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1During the global COVID 19 pandemic, online educatio and the dissemination of 
knowledge through instructional videos has become more important than ever. In 2020, 
teachers from all over the world were suddenly forced to create online learning materials, 
such as lectures and how-to tutorial videos, often without prior experience in designing 
such videos. An important question for teachers is how to effectively guide learners’ 
attention in instructional videos to foster learning most effectively. 

Imagine, for example, a programming teacher who aims to demonstrate to their 
students how to debug Python computer code in a tutorial video. Typically, programming 
tutorials consist of simple screen-recordings with a voice-over commentary (Kefalas & 
Stamatopoulou, 2018b; Sugar et al., 2010). However, this video format may not be 
ideal, as students could have trouble understanding what the teacher is referring to on 
the screen, especially if this screen-recording contains visually complex information, 
such as a relatively large snippet of computer code (cf. Figure 1.1).

One promising way to enhance traditional screen-recording videos is to transform 
them into Eye Movement Modeling Examples (EMME, Van Gog et al., 2009). EMME 
are videos in which a model’s eye movements are visualized to learners as the model 
is demonstrating how to perform a task. Here, the term ‘model’ refers to the person 
giving the demonstration (cf. ‘role model’) and can be a teacher, domain expert, or peer 
student. To continue with the example above, the gaze of the programming teacher 
could be displayed on the screen with the help of modern eye-tracking technology 
as a circle that is superimposed on the task and moving across the screen to indicate 
where the teacher’s center of visual attention is at each particular moment (for in-depth 
information on this technology see, e.g., Holmqvist et al., 2011). Figure 1.1 shows an 
example screenshot of this EMME video. 

Several studies have found promising results regarding the benefits of displaying 
the model’s gaze in EMME to enhance learning (for a meta-analysis see Xie et al., 
2021). However, not all studies have consistently found positive effects of EMME on 
learning (e.g., Chisari et al., 2020; Van Gog et al., 2009; Van Marlen et al., 2016). These 
mixed findings could be caused by different EMME designs, as evidence-based design 
guidelines on how to effectively design EMME are, to date, often lacking.

The research presented in this dissertation aimed to answer several open questions 
on how to design effective EMME. More specifically, this work focuses on the effects of 
different ways in which the models can verbally and visually direct the learners’ attention. 
This introduction chapter first provides an overview of the general idea behind EMME; 
that is, the theoretical accounts of why EMME might help overcome some common 
challenges in video learning, and what the underlying mechanisms are that likely 
promote learning from EMME. It then introduces the main research questions that 
will be answered in this dissertation and the content of each chapter in this dissertation.
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Figure 1.1
Static Screenshot of an EMME Video of a Programming Teacher who Demonstrated how to Debug Computer 
Code 

Note. The brown circles indicate fixations during which the expert’s eyes stayed on one location to take in 
information. Jumps between fixations (saccades) are visualized as connecting lines. 

Key Mechanisms Behind EMME: Overcoming Challenges of Video Learning
Studying the exemplary performance of a model who demonstrates how to perform a 
task has been found to be particularly effective way of learning (Atkinson et al., 2000; 
Renkl, 2014; Van Gog & Rummel, 2010; Van Gog et al., 2019). Nowadays, modeling 
a task can also be done via video examples. These instructional videos usually contain 
a recording of the teacher’s screen while they demonstrate and verbally explain the 
actions that they take to complete a task. Despite the undeniable potential of such 
video modeling examples, learners still face various challenges when studying them, that 
could be overcome by additionally displaying the teacher’s gaze display. In fact, there are 
different mechanisms that likely underlie the effectiveness of EMME. The gaze display 
in EMME can illustrate advanced model strategies and guide learners’ attention to 
relevant information (as, e.g., argued in Jarodzka et al., 2012; Jarodzka et al., 2013; Van 
Gog et al., 2009; Van Marlen et al., 2016). Furthermore, EMME can induce a social 
learning situation (as, e.g., argued in Krebs et al., 2019; Krebs et al., 2021). The next 
sections first introduce these general mechanisms in more detail. Later, this dissertation 
focuses specifically on the effects of different types of attention guidance in EMME.

A first way in which the gaze visualizations in EMME can foster video learning is 
though guiding learners’ attention, which can help them to select the most relevant 
information from the video in time. Learners may experience several difficulties when 
following the behavior of experienced task performers in instructional videos. According 
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1to Mayer’s cognitive theory of multimedia learning (Mayer, 2005), successful learners 
need to select the most important information from the different sensory channels (e.g., 
visual information on the screen and verbal explanations), then mentally organize this 
information, and ultimately integrate it with their prior knowledge. However, learners 
have only a limited capacity to process information from different sensory channels 
(Clark & Paivio, 1991). Because of the transience often inherent in video materials, 
it can be particularly challenging to focus on the relevant information at the right 
time, especially when a video contains visually complex information (Ayres & Paas, 
2007; Castro-Alonso et al., 2018). When teachers and students attend to different task 
elements in the videos, students will not be able to make sense of the verbal explanations, 
and learning is hampered. This issue is likely aggravated in situations, in which an expert 
teacher demonstrate how they perform a task to novice learners. Experts’ problem-solving 
processes are usually fast and highly automated (Boshuizen & Schmidt, 2008) and, 
hence, difficult to follow. Even though an expert could also attempt to guide learners 
with verbal explanations, these explanations might often remain difficult to follow, 
because they often contain abstract terms and jargon that an expert uses naturally, but 
which a novice has not yet learned (Hinds et al., 2001). In addition, experts often 
overestimate novices’ prior knowledge and skill levels (the curse of expertise, Hinds, 
1999), which can also lead to verbal explanations that are too difficult for novice learners 
to understand and follow. Consequently, selecting the important information from the 
video at the right moment is challenging.

EMME could therefore support learning, as the gaze displays can guide learners’ 
attention in alignment with the teacher’s, to help them attend to and select relevant 
information in a timely manner (Van Gog, 2014). The gaze displays can also disambiguate 
the model’s verbal explanations (Hanna & Brennan, 2007) and direct learners’ attention 
more rapidly to the referred video elements (Betrancourt, 2005; de Koning & Jarodzka, 
2017; Van Gog, 2014). In other words, gaze displays can help to establish a state of 
joint attention, which is the state in which two interaction partners focus on the same 
objects simultaneously, and which has been found to be beneficial for communication 
and learning (Butterworth & Jarrett, 1991; Tomasello & Farrar, 1986). 

A second way in which the gaze displays in EMME can foster video learning is 
though revealing the model’s (perceptual) strategies to learners. In general, people seem 
to have limited insight into their own gaze behavior and visual strategies (Clarke et 
al., 2017; Foulsham & Kingstone, 2013; Kok et al., 2017; Marti et al., 2015; Van 
Wermeskerken et al., 2018; Võ et al., 2016). In addition, (expert) perfomers often 
lack awareness of their automatized task solving steps (Samuels & Flor, 1997) and 
may even report performing a different strategy than the one that they actually used 
(e.g., Aizenman et al., 2017). Hence, (visual) processes and strategies can be difficult to 
communicate verbally (Ericsson, 1993).
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The gaze display in EMME can provide rich information about all steps of a task 
performer’s visual strategies (Gallagher-Mitchell et al., 2018). Hence, EMME might 
promote learning by revealing the model’s covert perceptual strategies that are otherwise 
not always accessible to learners in instructional videos without gaze displays. For 
instance, gaze displays can show the integrative reading strategies of an expert who is 
engaged in multimedia learning (e.g., Mason et al., 2015), a programming expert’s code 
reading strategies (Bednarik et al., 2018), visual search strategies (e.g., Nalanagula et 
al., 2006), or even a golf expert’s gaze strategy shortly before performing a golf put 
(Jacobson et al., 2021). Afterward, learners might be able to adopt the experts’ superior 
(visual) strategies for their own task performance. 

Finally, a third way in which the visualizations of human gaze in EMME can 
foster video learning is though inducing a stronger social learning situation than in 
instructional videos that only display more abstract cues such as an animated highlights 
or simple arrows (Krebs et al., 2019). In general, instructional screen-recording videos 
often contain only few social cues except for the voice-over. However, previous research 
has indicted that adding social cues to video materials, such as a teacher’s (pointing) 
gestures or information about their head and gaze direction, can increase the feeling 
of social interaction and that this stimulates deeper processing of the learning content 
(Mayer et al., 2003; Moreno et al., 2001). Furthermore, the knowledge that a teacher’s 
gaze is displayed in the video might increase the perceived immediacy and social presence 
of the model. Social presence is defined as the degree to which a communication partner 
feels socially present or is perceived to be a real person in computer mediated situations 
(Gunawardena, 1995; Gunawardena & McIsaac, 2013; H. Wang et al., 2019). Learners’ 
sense of higher social presence can stimulate their motivation and learning engagement, 
and positively affect learning outcomes (H. Wang et al., 2019).

While all of the aforementioned mechanisms likely play a role in the effectiveness 
of EMME, various eye-tracking studies have shown that EMME are particularly 
successful in guiding learners’ attention to the relevant information at the right time 
(Ahrens & Schneider, 2021; Ahrens et al., 2019; Castner et al., 2020; Cheng et al., 
2015; Jarodzka et al., 2012; Jarodzka et al., 2013; Van Marlen et al., 2016, 2018; Wang 
et al., 2020; Winter et al., 2021). Chisari et al. (2020) showed not only that the EMME 
display guided learners’ attention faster to referred task elements, but also that this was 
associated with increased learning outcomes.

Aims and Research Questions
Over the past decade, there has been a significant increase in research on learning with 
EMME (Xie et al., 2021). However, there are major differences in the way EMME were 
designed in these studies, and it is still largely unknown how different design choices 
affect the effectiveness of EMME. Therefore, the first aim of this dissertation was to 
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1review the literature on EMME to determine the prevalence of various EMME design 
characteristics to guide learners and how they may influence learning. 

The second aim of this dissertation was to experimentally investigate the effects 
of specific EMME design choices to guide learners’ attention. One specific element 
of attentional guidance that often differs in EMME materials and is likely to affect 
learning is the type of displayed model behavior. EMME models are until now often 
instructed in different ways to guide learners prior to creating the videos, but the effects 
of these model instructions on EMME display characteristics and learning have not been 
investigated to date. Two model instructions appear to be most common in EMME 
studies. In some studies, the models are instructed to perform a task in a regular manner 
and thus behaved ‘naturally’ without any attempt to provide special guidance to novice 
learners (e.g., Litchfield et al., 2010; Nalanagula et al., 2006; Seppänen & Gegenfurtner, 
2012; Stein & Brennan, 2004). Other models receive specific ‘didactic’ instructions to 
guide the novice audience in an understandable manner (Jarodzka et al., 2012; Jarodzka 
et al., 2013). A relevant open question is whether we can instruct experts to behave in a 
specific, didactic manner to guide learners’ attention in EMME, and how this alters the 
characteristics of EMME displays. 

Displaying either natural or didactic model behavior could affect the mechanisms 
of attention guidance in EMME and, hence, learning from EMME. However, which 
model behavior is best suited to create effective EMME is unknown, and there are 
reasons to believe that showing both natural and didactic model instructions have 
certain benefits for learning. For instance, it is conceivable that displaying didactic 
expert behavior is more beneficial for learning because experts can adapt their behavior 
to the prior knowledge of the less experienced audience when being asked to behave 
didactically (e.g., Jucks et al., 2007). However, it is also possible that presenting an 
expert’s natural task-solving behavior promotes learning through knowledge abstraction 
and by providing insight into authentic expert task-solving behavior (Hinds et al., 
2001). Thus, an important open question is whether and how showing a model’s natural 
or more didactic behavior in EMME affect learning. 

Next to the type of model behavior that is displayed, an important design question 
concerns the presence of other visual attention-guiding cues, such as the computer 
mouse cursor. Both the gaze display and the mouse cursor can be used to direct attention 
and could thus promote learning. It is not known to what extent they can complement 
(or possibly even replace) each other in instructional videos. The gaze cursor provides 
more detailed and continuous information about where the model’s focus of attention is 
directed to. In contrast, the mouse cursor can be used more intentionally to only direct 
the learners’ attention to only the most relevant elements in the video (as argued by 
Gallagher-Mitchell et al., 2018). Hence, this dissertation aimed to answer the questions 
of how displaying the mouse cursor in EMME affects EMME learning and whether 
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there is an added benefit to guiding the learners’ attention with gaze displays compared 
to a computer mouse cursor.

Overview of this dissertation
The goal of this dissertation is to extend EMME research by investigating how EMME 
materials can be designed most effectively. For this purpose, it first investigates the 
question how EMME materials are currently designed to guide learners’ attention 
and how different design choices might affect learning. Next, the studies deal with 
the question how specific EMME design choices to guide learners’ attention affect 
EMME displays and learning. More specifically, this dissertation focuses on the effects 
of displaying the model’s natural or didactic behavior and their mouse cursor as means 
of verbal and visual attention guidance in EMME. These investigations are conducted 
in the context of teaching programming and visualizing business processes, which are 
topics that are taught in the context of business informatics, aim to deal with abstract 
process representations, and are fields that have yielded first promising results regarding 
the use of EMME to foster learning. The following sections present the content of the 
chapters of this dissertation and their specific research questions and study designs in 
more detail.

Chapter 2
Chapter 2 provides a systematic review of EMME research. The goal of this review is 
to give a detailed overview of how previous EMME were designed to guide learners’ 
attention in different studies, and how different EMME characteristics may influence 
learning. More specifically, the systematic literature review in this chapter focuses on the 
following three research questions:

• What is the  background of the identified studies and their rationale for using 
EMME? 

• To what extent do the studies vary in their characteristics regarding participant 
characteristics, task type, and EMME materials? 

• Which types of effects did the identified EMME studies explore (i.e., effects on 
observers’ gaze, task performance and learning outcomes)? 

This review also provides a background for the subsequent investigations of this 
dissertation. 

Chapter 3
Chapter 3 presents a study on the question of whether different model instructions 
can cause changes to the model’s actual behavior and, consequently the characteristics 
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1of the EMME displays. EMME models can be instructed in different ways to guide 
learners. The study in Chapter 3 explores how instructing experts to guide learners with 
their natural vs. didactic behavior in EMME changes their non-verbal behavior (i.e., 
mouse clicks and eye movements) and, hence, the EMME displays. In the study of 
this chapter, 22 programming experts 18 and novices first solve a code-debugging task 
without specific instructions (‘naturally’) while their mouse clicks and eye movements 
were recorded. This makes it possible to characterizes experts’ natural task-solving 
behavior by contrasting it with the behavior of the novices and to investigate whether 
the programming task in the study is (visually) complex enough to cause different gaze 
patterns of experts and novices. Subsequently, the expert participants in the study receive 
the instructions to adjust their behavior and guide the learners’ attention by creating a 
didactic EMME. This provides insights into how experts’ displayed behavior changes 
when being instructed to didactically guide learners in EMME.

Chapter 4
Chapter 4 presents an experimental study on the question of whether and how displaying 
a model’s natural vs. didactic behavior affects learning from EMME. It is conceivable 
that observing an expert’s natural task solving behavior imposes higher processing 
demands on learners, which would be expected to increase the amount of mental effort 
students have to invest while studying the EMME. Regarding observers’ learning from 
naturally vs. didactically behaving EMME models, two outcomes are possible. On the 
one hand, displaying didactic behavior could be more beneficial for learning, because 
didactically instructed experts adapt their behavior and explanations to the knowledge 
level of the less knowledgeable audience (e.g., Jucks et al., 2007). This behavior could be 
easier for novices to follow and comprehend. On the other hand, displaying an expert’s 
natural behavior could foster knowledge abstraction can provide novices with useful 
insights into experts’ authentic problem-solving behavior (Hinds et al., 2001). In this 
manner, novices may ultimately even be able to adapt expert problem-solving strategies 
and perform better in the post-tests. The study in Chapter 4 presents an empirical study 
in which 64 programming beginners studied EMME that showed an expert’s natural or 
didactic code debugging behavior (debugging the same code snippets as in Chapter 3). 
This study explores the effects of displaying these different types of model behaviors in 
EMME on the programming beginners’ mental effort ratings and learning outcomes. 

Chapter 5
Chapter 5 presents an experimental study that aims to answer the question how displaying 
the mouse cursor in EMME affects learning and whether there is an added benefit 
to guiding the learners’ attention with gaze displays (here referred to as ‘gaze cursor’) 
compared to a computer mouse cursor. When comparing the effects of visualizing a 
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teacher’s gaze cursor and mouse cursor in instructional videos on learning, two outcomes 
are conceivable. On the one hand, the gaze cursor could provide more fine-grained 
information about where the lecturer’s focus of attention that the mouse cursor. On the 
other hand, the mouse cursor can be used as a more intentionally controlled tool to only 
highlight the most relevant information on the slide (as argued by Gallagher-Mitchell 
et al., 2018). In the study of Chapter 5, 131 participants study an online lecture video 
that introduced how to visualize complex business models in a standardized manner. 
Depending on the experimental condition, the lecture video is presented with or without 
a gaze cursor and with or without the mouse cursor visualization (2 x 2 between-subjects 
design). This study extends the knowledge of video learning with different types of visual 
cues for attention guidance. It also extends EMME research by using a different domain 
and video type (i.e., authentic online lecture videos on visualizing business processes).

Chapter 6
Finally, Chapter 6 first presents a summary and discussion of the main findings of the 
previous chapters. This is followed by a discussion of implications of the findings for 
practitioners in terms of designing EMME as well as a reflection on the limitations of 
the research presented in this dissertation as well as directions for future research on 
EMME. 
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Visualizing a Task Performer’s Gaze 
to Foster Observers’ Performance and 
Learning - A Systematic Literature 
Review on Eye Movement Modeling 
Examples

This chapter is based on: 
Emhardt, S.N., Kok, E., van Gog, T., Brand-Gruwel, S., van Marlen, T., 
Jarodzka, H. (under revision). Visualizing a task performer’s gaze to foster 
observers’ performance and learning - A systematic literature review on 
Eye Movement Modeling Examples [Manuscript under revision]. Faculty 
of Educational Sciences, Open Universiteit, Heerlen



Chapter 2

20

Abstract

Eye Movement Modeling Examples (EMME) are instructional videos (e.g., tutorials) 
that visualize another person’s gaze location while they demonstrate how to perform 
a task. This systematic literature review provides a detailed overview of studies on the 
effects of EMME to foster observers’ performance and learning and highlights their 
differences in EMME designs. Through a broad, systematic search on four relevant 
databases, we identified 72 EMME studies (78 experiments). First, we created an 
overview of the different study backgrounds. Studies most often taught tasks from the 
domains of sports/physical education, medicine, aviation, and STEM areas and had 
different rationales for displaying EMME. Next, we outlined how studies differed in 
terms of participant characteristics, task types, and the design of the EMME materials, 
which makes it hard to infer how these differences affect performance and learning. 
Third, we concluded that the vast majority of the experiments showed at least some 
positive effects of EMME during learning, on tests directly after learning, and tests after 
a delay. Finally, our results provide a first indication of which EMME characteristics 
may positively influence learning. Future research should start to more systematically 
examine the effects of specific EMME design choices for specific participant populations 
and task types. 
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Introduction

Following eye movements is considered vital for communication and learning gaze 
(Csibra & Gergely, 2009; Frischen et al., 2007). From early on, humans are highly 
sensitive to the direction of other people’s gaze and when parents interact with their 
infants, they naturally look at the objects that they are verbally referring to, which 
fosters their infants’ understanding (Baldwin, 1995; Bloom, 2002; Scaife & Bruner, 
1975). Indeed, the direction of gaze contains valuable information about what objects 
in the world a person is looking at and, hence, presumably processes and thinks about 
(Just & Carpenter, 1980) and facilitates communication by guiding the attention 
of communication partners to the information that the other person is referring to 
(Frischen et al., 2007).

Nowadays, we can also harness this power of natural eye gaze for (asynchronous) 
communication and learning in online environments. That is, with modern eye-tracking 
technology, it is possible to capture where a person is looking over the course of time (for 
more information on eye tracking see Holmqvist et al., 2011) and to visualize this as 
an overlay on the image that was observed or on a video of the scene that was observed. 
Such gaze visualizations can take different forms, such as scan paths in which dots or 
circles indicate individual fixations (moments when the eye is relatively still and takes 
in information), or attention maps that use shades of color (‘heatmaps’ or ‘spotlighs’), 
and show which objects or areas were fixated (and for how long). Gaze visualizations 
can be either static (e.g., an image in which the full scan path is visible) or dynamic (a 
video in which the scan path / attention map unfolds in real time as it was recorded). 
Figure 2.1 shows static screenshot examples of an attention map (spotlight) and scan 
path visualization.

The potential of such gaze displays for learning has been recognized in the field 
of educational sciences, and a major application has been in the design of instructional 
videos in which an individual (e.g., expert, teacher, peer student) demonstrates (and 
often explains) to observers how to perform a task (Van Gog et al., 2009). Such videos are 
often referred to as Eye Movement Modeling Examples (EMME, Jarodzka et al., 2012). 
Including a visualization of the task performer’s eye movements (hereafter referred to as 
‘gaze visualization’) has been found to foster observers’ performance (e.g., Gegenfurtner 
et al., 2017; Litchfield et al., 2010; Nalanagula et al., 2006) and learning (i.e., later 
performance of that same or an isomorphic task, in the absence of the instructional 
video either immediately after studying the EMME or after a delay; e.g., Bednarik et al., 
2018; Jarodzka et al., 2013; Krebs et al., 2021; Mason et al., 2015). 
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Figure 2.1
Example Screenshots of an Attention Map (Top) and Scan Path Visualization (Bottom)

Note. Visualizations based on materials of Chisari et al. (2020). The spotlight visualization darkens 
areas that the performer has not looked at. The scan path visualization overlays the performer’s fixations 
(moments when the eye is relatively still and takes in information) as blue circles (larger circles indicate 
longer fixations) and uses connection lines to indicate saccades (jumps between fixations). 
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A recent meta-analysis by Xie et al. (2021) analyzed 25 studies and concluded that 
EMME significantly affected observers’ attention and learning and fostered observers’ 
performance. However, this analysis merely included studies that used the specific term 
EMME, which restricts the findings to studies with a similar conceptual/paradigm 
background (i.e., educational science). Studies from other backgrounds (e.g., computer 
science, medical education) often investigate the effects of gaze visualizations to 
foster learning or performance without using the term EMME. The characteristics of 
studies with such different backgrounds may differ considerably, e.g., in terms of the 
terminologies used, the rationale for displaying gaze visualizations, study characteristics, 
the design of the visualizations, and ultimately, the study outcomes. To date, no 
publication has provided a detailed and comprehensive overview of studies on the effects 
of visualizing a performer’s gaze to foster observers’ performance or learning of tasks 
from different domains, and the systematic literature review that we present here, aimed 
to fill this gap. Ultimately, connecting studies from different research fields will help to 
provide a more complete overview of the current knowledge and to set a research agenda 
for the near future. Note that in the remainder of the paper, we will adopt the term 
EMME (used in educational sciences) to refer to all such gaze visualizations (i.e., even if 
the original authors used another term). 

In the following sections, we introduce dimensions in which EMME studies are 
expected to vary: the rationales for using EMME, study characteristics and outcome 
variables, before introducing our research questions.

Rationales for Using EMME to Foster Performance or Learning
Krebs et al. (2019, 2021) claimed that there are three mechanisms that underlie the 
effectiveness of EMME to foster observers’ learning or performance: guiding attention, 
illustrating advanced perceptual strategies, and inducing a stronger social learning 
situation (Krebs et al., 2019, 2021). In this systematic literature review, we first identify 
which of these mechanisms that could underly the effectiveness of EMME were used as 
rationales in EMME studies of different domains. Such study backgrounds should be 
reported to put the different studies in perspective.

First, the visualization of the task performer’s eye movements may serve as visual cue 
to guide the observer’s attention, which can facilitate selection of relevant information. 
Previous studies in the field of educational science have repeatedly found that adding 
cues to multimedia materials (e.g., instructional videos that contain verbal and visual 
information) can foster learning (Richter et al., 2018; Van Gog, 2014; Van Gog, 2021). 
According to the Cognitive Theory of Multimedia Learning (Mayer, 2005), learners 
must select, organize, and integrate relevant information effectively to learn from 
multimedia materials successfully. Because information in instructional videos is often 
transient, if learners are unable to select the right information at the right time, they 
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will not be able to organize and integrate it with their prior knowledge, and learning 
is hampered. Visual cues can resolve this problem by guiding learners’ attention to the 
right information at the right time. 

The gaze visualization presented in EMME can be considered a specific type of 
visual cue that can help observers to attend and select the relevant information at the 
right time (Van Gog, 2014). Although verbal explanations could also be used in videos 
to direct learners’ attention, such explanations often remain insufficient and ambiguous 
for two reasons (Van Marlen et al., 2018). First, an instructional video might contain 
competing visual information, such as multiple objects that the teacher could refer to 
with a single term (e.g., when the instructor talks about a resistor, and there are several 
in the drawing of the electrical circuit). Second, the teacher’s explanations possibly lack 
specificity when clear location indications are missing (Louwerse & Bangerter, 2010). 
Gaze visualizations can help to make an expert’s verbal explanations and references 
more understandable and easier to follow by guiding the observers’ attention to the 
referenced objects. This helps to select the relevant information at each moment in time 
and, hence, foster understanding (Betrancourt, 2005; de Koning & Jarodzka, 2017; Van 
Gog, 2014). 

Another rationale for displaying EMME is that they can reveal and teach a 
performer’s perceptual strategies that would otherwise not be accessible to observers. 
For example, EMME could show an expert learner’s reading strategies when working 
with multimedia materials (e.g., Mason et al., 2015), an engineering expert’s systematic 
strategy for a executing a visual inspection task (e.g., Nalanagula et al., 2006), or a 
golf expert’s approach of making a long fixation on the target just before initiating a 
movement (e.g., Moore et al., 2014). People have limited insight into their own viewing 
behavior, and they have trouble reporting where they have looked (Clarke et al., 2017; 
Foulsham & Kingstone, 2013; Kok et al., 2017; Marti et al., 2015; Van Wermeskerken 
et al., 2018; Võ et al., 2016). Experts might even report executing a different strategy 
from the strategy they actually used (e.g., Aizenman et al., 2017). Thus, an expert’s 
gaze visualization provides continuous information about all steps of the expert’s visual 
search strategy without necessarily requiring conscious control by the expert (Gallagher-
Mitchell et al., 2018). 

Finally, inducing a social learning situation is also often reported as a rationale for 
displaying EMME to foster learning and performance. While other visual cues could 
also serve the purpose of guiding attention to foster learning, gaze visualizations are 
likely to evoke a greater sense of social presence than more abstract cues such as an 
animated arrows (Krebs et al., 2019). Adding social cues to multimedia materials can 
evoke a feeling of social interaction, which can in turn stimulates deeper processing 
of the materials and learning (social agency theory, Mayer et al., 2003; Moreno et al., 
2001).
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Study Characteristics That Might Affect Observers’ Learning or Performance
In this section, we discuss variables that may affect the effectiveness of EMME for 
observers’ performance or learning (i.e., participant characteristics, task types, and 
EMME displays), which we took into account in this systematic review. 

First, participant characteristics such as observers’ prior knowledge and their 
educational level might affect learning from EMME. Research on the expertise-reversal 
effect has shown that instructional methods that enhance learning for beginners may 
become inefficient for more experienced learners (Kalyuga, 2009). For instance, learners 
with no or low prior knowledge seem to benefit more from cues in multimedia materials 
(e.g., color highlights) to emphasize relevant information than learners with higher prior 
knowledge (Richter et al., 2016). This is probably because cues can help novice learners 
so select the right information from the task materials in time. However, learners with 
higher prior knowledge know what to focus on, so additional visual cues to guide 
attention are not necessary. In fact, such cues might even hamper the processing of 
relevant task elements for advanced learners, since the unnecessary visualization of the 
eye movements might be hard to ignore and hence distract them. The meta-analysis 
of Xie et al. (2021) found a trend for stronger effects of EMME interventions for 
learners with low prior knowledge. Even though the differences did not reach statistical 
significance with the included sample of 25 EMME studies, the authors recommended 
that such factors should not be ignored in future research. 

Second, task types differ between EMME studies. The meta-analysis of Xie et 
al. (2021) distinguished between procedural and non-procedural task types. Unlike 
performers who complete non-procedural tasks, performers of procedural tasks often 
need to interact with objects on the screen (e.g., with the keyboard or the mouse cursor) 
to solve the task. This interaction is typically also displayed to the observers. Hence, 
mouse or keyboard actions can be observed and might also guide attention, which could 
make the guidance provided by the visualization of eye movements partly redundant. Xie 
et al. (2021) concluded that EMME are less effective in enhancing learners’ performance 
when teaching procedural than non-procedural tasks. This is probably because gaze 
visualizations provide little additional information to videos in which observers can 
directly observe all executed steps during a task-solving process (cf. Van Gog et al., 
2009; Van Marlen et al., 2016). While this is a valuable insight, it may be worthwhile to 
identify task categories at a finer level than the dichotomous classification of procedural 
vs. nonprocedural tasks (as introduced in Van Marlen et al., 2016), because non-
procedural tasks differ widely in their requirements and therefore, the gaze visualization 
likely contains different kinds of information (e.g. how to perform a visual search or 
classification task or how experts use different reading strategies). Hence, depending 
on the task type, different information is conveyed in the gaze and until now there is 
an insufficient overview of the task types in which EMME are effective. Based on these 
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considerations and the identified literature, our systematic review aims to categorize the 
used task materials in a bottom-up manner on a more fine-grained level. 

Third, studies differ in the way they visualize performers’ eye movements in EMME. 
Different gaze visualization techniques have different affordances (Blascheck et al., 2014) 
and this could impact how observers interpret them (Bahle et al., 2017; Kurzhals et al., 
2015). Two common types of data visualizations techniques are scan paths and attention 
maps. Scan paths display the order of performers’ fixations overlaid onto the stimulus, 
for instance by connecting fixation visualizations (e.g., circles or dots) though lines that 
indicate saccades. In contrast, attention maps show the spatial distribution of aggregated 
eye movement data (aggregation of fixations over time and/or participants), for instance 
as heat map (Blascheck et al., 2014; Holmqvist et al., 2011). Such visualizations can be 
superimposed onto the original screen and thus add additional information, but can also 
remove information (e.g., when a spotlight shows where a performer looked, and other 
information is blurred out). Figure 2.1 provided an example of a scan path and attention 
map visualization. The use of visualization techniques that add or remove information 
could affect learning from EMME. For instance, removing information by blurring some 
areas could reduce the amount of (possibly redundant) information that the observers need 
to process and, hence, the need to split attention between areas (Kalyuga & Sweller, 2014; 
Mayer & Moreno, 2003). Finally, gaze visualizations can be presented as a static picture 
or dynamically, as a video. The latter provides more temporal/order information and can 
affect observers’ interpretation of the displayed performance (e.g., Van Wermeskerken et 
al., 2018). Finally, gaze visualizations could be based on raw data or processed data (e.g., 
fixation based) with affects the amount of detail and noise in the visualizations. 

Aside from different gaze visualization options, EMME materials may also differ 
in terms of displayed performer behavior which may affect observers’ learning and 
performance. Task performers may show their natural approach to performing the task, 
or might (have been instructed to) adopt a didactic teaching approach. When it comes to 
natural performance, the task performer’s expertise may matter for the observers’ learning, 
as expert performers show substantially different, often automatized task-solving behavior 
than novice performers (Boshuizen & Schmidt, 2008; Ericsson et al., 2018), which might 
be more difficult for novices to follow. Regarding didactic behavior, performers can be 
instructed when creating EMME to perform a task in a didactic way that is understandable 
to an inexperienced audience (e.g., Jarodzka et al., 2012; Jarodzka et al., 2013), rather than 
in a natural manner (e.g., Litchfield et al., 2010; Nalanagula et al., 2006; Seppänen & 
Gegenfurtner, 2012; Stein & Brennan, 2004), and such instructions have been found to 
significantly impact a performer’s behavior and, thus, EMME displays (Emhardt, Kok, 
et al., 2020). To date, it is unknown how this affects learning and performance. Thus, 
acquiring an overview of how EMME are created in studies across different domains can 
contribute to a better overview of the research field and can help identify gaps in our 
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understanding of the effectiveness of EMME literature and thus outline directions for 
future research.

Exploring the Potential of EMME for Different Outcome Variables
Overall, EMME have often been found to positively influence learning (Xie et al., 
2021). However, these beneficial effects of EMME could be reported on a more fine-
grained level, for instance by making a distinction between effects on learning and 
performance outcomes. We argue that effects on performance measures indicate that 
EMME alter observers’ attention and performance while processing the task on which 
the EMME is displayed. However, such effects do not necessarily imply a longer-
lasting impact on participants after the EMME was presented, as effects on learning 
measures would imply (i.e., this would show that the altered attention while observing 
EMME affected knowledge acquisition, as evidenced by better performance on similar 
tasks later on in the absence of the EMME). Moreover, EMME studies can differ in 
when learning is measured, by having learners perform similar tasks immediately after 
observing the EMME or at a delay (i.e., measured at least one day after the EMME was 
presented), with the latter evidencing longer-lasting effects. Using these distinctions in 
our systematic literature review can provide an overview of what effects existing EMME 
studies have mostly investigated to date and reveal the potential of EMME to foster 
performance and (immediate and delayed) learning. 

Overview of the Present Study and the Research Questions 
This systematic literature review provides a detailed overview on the effects of displaying 
a performer’s gaze visualizations to foster observers’ performance and learning. By using a 
wide range of search terms, we aimed to not only cover literature from traditional EMME 
research, but also to identify studies that use different terms to investigate comparable 
topics within different research fields. In this manner, we aim to connect results from 
different research domains and provide an overview of the characteristics of the existing 
studies. More specifically, we aim to answer the following research questions (RQs):

RQ1. What is the background of the identified studies, their used terminologies to 
refer to EMME, and their rationale for using EMME? 

RQ2. To what extent do the studies vary in terms of participant characteristics, task 
type, and design of EMME materials? In the context of this question, we also 
aim to provide a first indication of which study characteristics may influence the 
effects of EMME on learning. 

RQ3. Which different types of effects did the identified EMME studies explore? We 
distinguish between effects on observers’ task performance and immediate and 
delayed learning, as well as effects on response time and gaze. 
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Methods

Search and Selection
We conducted the systematic literature search in the online databases of EbscoHost (i.e., 
APA PsycInfo, ERIC, Psychology and Behavioral Sciences Collection, APA PsycArticles), 
PubMed, the ACM Guide to Computing Literature, and Web of Science. We chose the 
repositories of EbscoHost because of their focus on the literature from psychology and 
educational sciences, with ERIC being the largest repository in education. Pubmed and 
the ACM Digital Library were selected because of their specific focus on literature from 
the medical field and computer sciences. In the field of computer science, studies are 
often published in (peer-reviewed) conference proceedings. Therefore, we decided to 
include conference proceedings (full articles, no short summaries or abstracts) in our 
searches. Finally, we included Web of Science as a database because it covers a broader 
range of literature from other domains. We initially performed the systematic search in 
May 2020 and updated all searches on 12.01.2022. 

We searched for the following terms in English language in the abstracts and titles:

Topic 1. Displaying: display* OR visuali* OR augment* OR highlight* OR superimpos*  
OR replay* OR “eye movement model*” OR “model’s eye movement*” AND

Topic 2. Eye movements: (“eye movement*” OR gaze OR “visual attention” OR “scan  
path*” OR “point of regard”) AND

Topic 3. Learning: (learn* OR teach* OR instruct* OR train* OR guid* OR perform*).

We confirmed that we could find known key literature on EMME with these 
search terms. We restricted our search to literature published after January 2000. From 
the year 2000, commercial eye trackers became increasingly accessible for researchers 
and, consequently, an established tool in research fields such as educational sciences (cf. 
review of Lai et al., 2013). Our search furthermore focused on empirical, peer-reviewed 
studies from journals or conference proceedings to ensure a certain standard of quality 
for the included studies. The subsequent description of the search and selection process 
is visualized as a PRISMA flow diagram (Moher et al., 2009) in Figure 2.2.
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Figure 2.2
Flow Diagram of the Systematic Literature Search
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The searches in the four databases yielded 8434 publications in total: 1899 hits 
on EbscoHost (1544 initial results in May 2020 and 355 results from the updated 
search in January 2022), 4143 hits in Web of Science (3255 and 888 results), 1648 
hits in PubMed (1257 and 391), and 744 hits in the ACM Digital Library (650 and 
94 results). We removed duplicates within and across these databases with Mendeley 
(https://www.mendeley.com), which resulted in 5143 results. For the literature selection 
process, we uploaded all unique results into Rayyan (https://rayyan.qcri.org), which is an 
online platform to collaborate on the inclusion and exclusion process when performing 
a systematic review. On this platform, we screened the titles and abstracts of all unique 
results manually. During this screening, we aimed to include studies investigating the 
effects of EMME to foster observers’ performance and learning. We excluded studies 
that did not use any gaze visualizations. We calibrated this selection process based on 
abstracts and titles with Rayyan using the first 600 hits of the first search and three 
independent reviewers. Two researchers screened each of these records independently: 
The first author screened every record, the second and third author each screened half 
of the records and decided for each article whether it should be included, excluded, or 
discussed (‘maybe’). The first author agreed on all cases with the other raters on definite 
inclusions and in 5 out of 8 of the cases on literature that would possibly be suitable 
for inclusion (‘maybe’). The overwhelming majority of the articles could be excluded, 
because they did not visualize the gaze of another person to observers. Disagreements 
during the first screening round were resolved by discussion. 

After this calibration process the first author continued the selection process 
based on abstracts and titles independently. In case of doubt, the first author took a 
note for further discussions with the other authors. This first screening based on titles 
and abstracts resulted in 171 (112 and 59 articles) possibly relevant articles. For these 
articles, we read the details of the studies to decide whether they should be included or 
excluded. In case of doubt, the decision was discussed among the first three authors and 
we created a more specific guideline on exclusion criteria (see Table 2.1).
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Table 2.1 

Exclusion criteria Description and explanation
Use of gaze visualizations Main exclusion criterion. The study did not mention the use of gaze 

visualizations of another person that is displayed to human observers. 
Data type The study did not provide new, empirical data that was analyzed through 

significance tests. In this context, we also excluded methodological papers 
on eye movement analysis or technical overviews.

Task Participants interacted during the study while performing a task that 
was not performed in an instructional context (e.g., tasks with the main 
goals of cooperation, collaboration, communication, or competition 
tasks). In such cases, the EMME display likely change based on what 
the participants are doing, making a distinction between the effects of 
interaction and gaze visualizations difficult. 

Target outcome The study did not focus on visualizing gaze to foster learning or 
performance (as indicated by test scores). 

Design The study design did not include a control condition without any gaze 
visualizations.

Publication type The study was not published in a peer-reviewed conference proceeding 
or peer-reviewed scientific journal. We excluded (grey) literature sources 
such as theses, conference posters and abstracts, dissertations, pre-prints, 
book chapters, patents, and research reports.

Based on these exclusion criteria, we included 34 publications from the initial 
search (28 articles from the initial search and 6 articles from the updated search) and 1 
from our own sources. Through examining reference lists and the literature that cited 
these articles, we identified 37 additional articles (out of which 19 articles belonged to 
the newly identified research area of Quiet Eye Training that was not originally included 
as search term). In total, our search resulted in 72 included articles.

Data Extraction and Analysis
To provide some general background information about the identified studies, we first 
gathered information about the publication type (i.e., conference proceeding or journal 
article) and the study design of the experiments. Regarding the study design, we reported 
the sample sizes after the main exclusions, whether the identified studies used a within 
or a between-subjects design, the average sample size per (between-subject) condition, 
and we coded whether the EMME was the only difference between the experimental 
conditions (i.e., the main manipulation). We did not consider the EMME as the main 
intervention in cases where the EMME was part of a larger intervention or when the 
control group differed in more than the absence of the gaze visualization from the 
experimental condition. This was the case if the control group did not receive the same 
materials just without EMME, or if they received additional instructions. In addition, 
we assessed the quality of the included studies using an adapted version of the Medical 
Education Research Study Quality Instrument (Reed et al., 2007). This instrument was 
originally developed to measures the quality of educational studies in the field of medical 
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education. The major categories of the MERSQI focus on the quality of study design, 
sampling, type of data, validity of evaluation instrument, data analysis, and outcomes. 
Each study could receive at most 3 points per category, which resulted in a maximum 
score of 18 points. We adjusted the content of these subscales for our purposes (see last 
section of the table in Appendix A for detailed information on how the categories were 
rated). To answer the three main research questions, we extracted the following data.

Data Extraction for Research Question 1
In the context of RQ 1, we coded information on the taught domain and the rational 
for using EMME in each study. To report on the domain, we grouped the content of 
the task materials into categories with at least five studies (cutoff criterion). In addition, 
we indicated which terminologies the studies used in the title or abstract to describe the 
EMME intervention, using the same cutoff criterion of at least 5 studies using the same 
term to define a category. We furthermore coded which rationales for EMME the studies 
used in their introduction and distinguished between the three main lines of reasoning 
that were described in detail in our introduction: First, gaze visualizations could serve 
as visual cues to guide the observers’ attention to the most relevant areas (de Koning 
& Jarodzka, 2017). Second, EMME could reveal and teach a performer’s perceptual 
and cognitive strategies during task performance, which would otherwise be difficult to 
observe (e.g., Mason et al., 2015). We consider strategies to be deliberate (perceptual) 
actions to effectively reach the task goal. In this context, we noticed that several studies 
referred to the aim of training the particular gaze strategy of a ‘quiet eye’ (QE). A QE is 
an (expert) gaze strategy that is characterized by a longer final fixation towards a relevant 
object before executing a movement (e.g., hitting a golf ball) and has been described as 
part of optimal visual attentional control (Vickers, 2007). The underlying assumption 
is that QE is a critical period when sensory information is synthesized to both plan and 
control a motor response (Miles et al., 2017). Due to the unexpectedly large amount of 
literature on Quiet Eye Training (QET) interventions, we decided to specifically report 
whether the EMME was displayed with the aim of demonstrating this gaze strategy. 

Third, EMME could foster observers’ performance and learning though social 
mechanisms such as evoking a more social learning situation by increasing social 
presence (e.g., Mayer, 2014; Mayer et al., 2003) or establishing the social state of joint 
attention (e.g., Butterworth, 1995; Shvarts, 2018; Tomasello & Farrar, 1986). 

Data Extraction for Research Question 2
In the context of RQ2, we coded the characteristics of the identified studies that were 
related to the participants, type of task, an EMME materials (i.e., gaze visualization type 
and performer guidance). In the next section, we explain how all variables were coded 
in detail. 
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Regarding participant characteristics, we first categorized study participants based 
on their prior knowledge (i.e., no or low prior knowledge, some prior knowledge, or 
mixed). For this categorization, we took over the authors’ description wherever possible. 
If the authors did not provide explicit information on participants’ prior knowledge, we 
compared the background of the participants with the domain of the task materials to 
decide whether participants had no or some prior knowledge. For instance, medicine 
students learning a medical task were assumed to have at least some prior knowledge, 
while students from all other domains were not assumed to have any prior knowledge in 
medical task. Furthermore, we categorized participants’ education level in primary and 
secondary education, tertiary education, professional, and other.

Regarding the task type, we categorized the literature into studies that dealt with 
problem-solving tasks, visual inspection or classification tasks, visuo-motor tasks, 
tasks that teach strategies of text processing or comprehension, and other tasks. This 
categorization was based on the identified literature of current systematic review and 
considerations of Van Marlen et al. (2016). 

Regarding the gaze visualization, we first reported whether the EMME used a scan 
path or attention map visualization, coded whether the visualization added or removed 
information from the screen, and whether the EMME was static or dynamic. For 
instance, a moving spotlight can be classified as attention map that removes information 
by blurring the surrounding that was not fixated by the task performer, while heatmaps 
add highlights to the task materials to show which information was fixated. Other 
EMME use scan path visualizations like moving dots and circles to add information to 
the screen (see also Jarodzka et al., 2013). We also indicated how the raw eye-tracking 
data was processed to create the EMME. We distinguished between EMME that display 
the raw eye movement data, EMME of event-detected eye movement data (e.g., only 
fixations of a specific minimum duration are displayed), and EMME of higher-order 
processes (e.g., gaze visualizations that show aggregated eye movement data). If the data 
transformation was not described in detail, we coded it as not specified.

Regarding the type of guidance in the EMME materials, we indicated what type 
of performer was displayed (i.e., novice or peer, teacher or expert, a researcher, or not 
indicated), and which instructions they received to create the materials (i.e., natural, 
didactic, or not indicated). We furthermore indicated whether additional, verbal 
guidance was available, for instance as voice-over in videos. Finally, we calculated the 
relative frequency (%) with which studies using these different design decisions (i.e., 
participant characteristics, task type, gaze visualization, and type of instruction) reported 
at least one positive effect on immediate learning. We chose the outcome measures of 
immediate learning because such measures are highly relevant to educational science 
and because this measure was more frequently used than measures of delayed learning. 
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Data Extraction for Research Question 3
In the context of RQ 3, we distinguish between effects on observers’ performance while 
observing the EMME or on observers’ learning after studying the EMME. In terms 
of learning measures, we furthermore distinguished between measures of immediate 
learning which was assessed immediately after the EMME and delayed learning after 
at least one day. While learning and performance scores were our main measures of 
interest, we also reported on additional effects on participants response times, and gaze 
measures while processing the EMME and while performing subsequent test tasks. After 
this classification, we coded whether the identified effects were positive, negative, or not 
significant. Since we were interested in exploring the potential of EMME, we used a 
liberal coding approach and scored mixed effects on various outcome variables from one 
category that also contained positive effects as positive. If no positive effect was available, 
we reported on negative effects (which, thus, outweighed non-significant effects). We 
used a significance level of .05. For the sake of completeness, we finally also coded which 
other types of dependent variables the included experiments used. 

The specific coding instructions (‘code book’) can be found in Appendix A and 
the table that includes all coded data is available on https://doi.org/10.17026/dans-z8j-
f97h (Open Universiteit Nederland, 2022). This data was analyzed and summarized to 
create the main results of this study by calculating absolute and relative frequencies for 
each variable and its categories, as well as relevant contingency tables. The analysis were 
performed in JASP (2020 version 0.14.1.0). In the discussion, we provide a narrative 
synthesis of the main results. 

Results

General Study Information
In total, the 72 identified studies included 78 experiments. All of these studies are 
included in the list of Appendix B. 63 studies (87.50%) were published in peer-reviewed 
journals and 9 (12.5%) were published in conference proceedings. The experiments 
had an average sample size of Msample = 45.45 (SDsample = 35.71) participants and most 
(92.31%) used a between-subjects design with an average sample size of Msample per condition = 
19.07 (SDsample per condition = 14.43) per condition. In 48 experiments (61.54%), the control 
group differed in more than the presence or absence of the gaze visualization (e.g., 
when the gaze visualization was part of a larger intervention and, thus, not the only 
manipulation or when the control group differed in more than the absence of the gaze 
visualization).

The quality assessment of the included studies yielded an average MERSQI score 
of MMERSQI =13.37 (SDMERSQI = 1.71 with a range from 9 to 17). Overall, strengths of 
the studies were the objectivity of the measurements, and the frequent use of (pseudo)
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randomized controlled trials as study design. Furthermore, we concluded that the 
analysis methods were often appropriate and went beyond a merely descriptive analysis. 
23 studies also analyzed effects on long-term learning (after at least one day). A major 
limitation of various studies was the (reported) validity of the measurement instruments. 
In terms of sampling method, only few studies based their sample sizes on a power 
analysis or previous effect sizes. 

Background and Rationales of the Included Articles (RQ1)
The following results are based on data from all 72 published studies. Table 2.2 
summarizes the results by displaying the absolute and relative frequencies of different 
publication types, domains of the task materials, and the mentioned rationales for 
using EMME. The included studies used materials from the domains sports, medicine, 
and STEM fields (i.e., programming, mathematics, physics, biology) about equally 
often. Some studies also used task materials from the field of aviation and other fields. 
The majority of the studies justify the use of EMME by arguing that such displays 
provide information about the task performer’s visual or cognitive strategies (such as an 
expert’s Quiet Eye) and half of the studies mentioned attention guidance. Additionally, 
several studies mentioned social mechanisms as rationale (i.e., potentially underlying 
mechanism) for the use of EMME to foster learning or performance. Commonly used 
terms were EMME, Quiet Eye Training and gaze-(based) training. However, about a 
third of all studies also used other terms in their titles and abstracts (e.g., feedforward 
gaze training, point-of regard display, eyegaze cursor, gaze-augmented think aloud, gaze 
path cueing, visual attention training).

Table 2.2
Absolute and Relative Frequencies of the Variables in the Context of RQ 1(i.e., Domains of the Task 
Materials, the Mentioned Rationales for Using EMME, and the Terminology Used)
Variable Category Absolute frequency Relative frequency
Domain
 
 
 
 

Sports/PE
Medicine
Stem
Aviation
Other

19
17
17
6
13

26.39 %
23.61 %
23.61 %
  8.33 %
18.06%

Rationalea

 
 
 

Attention guidance
Social mechanisms
Strategy
QEb

39
15
61
23

54.17%
20.83 %
84.72 %
31.94 %

Terminology EMME
QE(T)
Gaze(-based) training
Other

23
19
7
23

31.94 %
26.39 %
  9.72 %
31.94 %

aOne study could mention more than one rationale for using EMME. 
bAll studies that mentioned QE training as rationale are also included in the category ‘strategy’



Chapter 2

36

The contingency table (Table 2.3) furthermore provides information on the 
connection between the domain of task materials and the rationales for displaying 
EMME. Studies that focus on sports/physical education mostly mention that EMME 
can reveal and teach a quiet eye strategy. Some medical studies also focus on revealing 
a performer’s strategy, others (additionally) mention attention guidance as rationale. 
Finally, studies that deal with tasks from STEM domains make use of a variety of 
rationales for using EMME and refer more frequently to social mechanisms than studies 
from other domains. 

Studies that focus on sports/physical education mostly mention that EMME 
can reveal and teach a quiet eye strategy. In the field of aviation, the studies also 
often mention the goal of teaching a strategy, but without referring to the quiet eye. 
Medical studies focus on revealing a performer’s strategy as well as attention guidance 
as rationale. Finally, studies that deal with tasks from STEM domains make use of a 
variety of rationales for using EMME and refer more frequently to social mechanisms 
than studies from other domains. Most tasks that fell into the other categories argued 
that EMME can be used to teach and reveal a performer’s strategy.

Table 2.3
Absolute Frequencies of How Often Studies Using Materials From Different Domains Report the Identified 
Rationales for Using EMME

 
Domain

Rationale
Attention guidance Social mechanisms Strategy QE

Sports/PE 1 0 19 18
Medicine 12 2 14 3
STEM 15 9 11 0
Aviation 2 1 6 0
Other 9 3 11 2
Total 39 15 61 23

Study Characteristics (RQ2)
The following results are based on data from all 78 individual experiments of the 
identified studies. Table 2.4 summarizes the results in the context of RQ 2 by displaying 
the absolute and relative frequencies of the analyzed variables. In terms of participant 
characteristics, most experiments examine the effects of EMME on participants from 
tertiary education with no or low reported prior knowledge. The task types were 
relatively balanced across experiments, but studies on problem-solving were relatively 
less frequent. Regarding the EMME display characteristics, most of the experiments 
added information to the display with the EMME, used a dynamic gaze visualization, 
and showed a performers’ scan path. Over half of the experiments did not report how 
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they processed the eye movement data to create the EMME. In terms of observer 
guidance, the performer was in most cases a teacher or expert that was more often 
instructed to behave didactically or in a scripted manner than naturally. However, in 
about half of the experiments, the observer instruction was not explicitly specified. Over 
half of the identified studies used additional auditory guidance to support observers’ 
understanding. The percentage of studies that found at least one positive effect of 
EMME on immediate learning outcomes are reported in the last column of Table 2.4 
and will be discussed in detail in the discussion section.

Table 2.4
Summary of Absolute and Relative Frequencies of the Variables in the Context of RQ 2
Variable Category Absolute 

frequency
Relative 
frequency

Relative 
frequency of a 
positive effect 
on immediate 
learning1 (score)

Participant 
characteristics: prior 
knowledge

No or low prior knowledge 
Some prior knowledge 
Mixed
Not specified

43
22
8
5

55.13%
28.21%
10.26%
  6.41%

71.86%
62.50%
83.33%
75.00%

Participant 
characteristics: 
Education level of 
participants

Primary and secondary education
Tertiary education
Professionals
More than 1 group
Others

12

46
8
6
6

15.38%

58.97%
10.26%
  7.69%
  7.69%

66.67%

67.57%
75.00%
100.00%
80.00%

Type of task Visual/classification task 26 33.33% 73.68 %
Visuo-motor task 25 32.05% 82.36 %
Problem solving 7   8.97% 16.67%
Text processing/
comprehension

13 16.67% 70.00 %

Other 7   8.97% 83.33%
Gaze visualization Adding information

Removing information
Adding and removing information

66
4
3

5

84.61%
  5.13%
  3.85%

  6.41%

68.00%
66.67%
100.00%

100.00%
Not reported whether information 
was added or removed
Static visualization 5   6.41%   0.00%
Dynamic visualization 70 89.74% 72.73%
Static and dynamic visualization 3   3.85% 50.00%
Scan path 48 61.54% 63.16%
Attention map 11 14.10% 75.00%
Scan path and attention map 3   3.85% 100.00%
Other 1   1.28% 0.00%
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Visualization type not reported 15 19.23% 90.00%
Visualization based on raw eye 
movement data

2   2.56%   0.00%

Visualization based on event-
detected eye movement data

18 23.08% 64.29%

Visualization based on higher-
order data

8 10.26% 100.00%

Visualization based on different 
types of data

2   2.56% 100.00%

Data type for visualization not 
reported

48 61.54% 72.97%

Guidance in 
materials: Performer 
type

Novice or peer
Teacher or expert
Researcher
More than one EMV
Not specified

6
48
14
3
7

  7.69%
61.54%
17.95%
  3.85%
  8.97%

  0.00%
77.14%
76.92%
  0.00%
57.14%

Guidance in 
materials: Performer 
instruction

Natural
Didactic or scripted
Not specified

13
24
41

16.67%
30.77%
52.56%

85.71%
56.52%
78.57%

Guidance in 
materials: Additional 
guidance tools

Auditory guidance available
Auditory guidance not available
Other guidance available
Other guidance not available

37

41

12

66

47.44%

52.56%

15.38%

84.61%

63.33%

78.57%

66.67%

71.43%
1Only studies that used measures of immediate learning were included in this analysis.

Outcome Variables and Results (RQ3)
The following results are based on data from the 78 individual experiments of the 
identified studies. Table 2.5 provides an overview of the effects on displaying EMME 
on gaze, learning, and performance outcomes. Figure 2.3 visualizes these findings by 
providing an overview of the absolute number of experiments that found a positive, 
negative, or no effects on the different categories of the main dependent variables. The 
results show that most studies investigated effects on immediate post-test scores and 
participants’ gaze after the EMME was presented (immediate learning outcomes). Fewer 
experiments used performance measures or measures to investigate delayed learning. 
In terms of outcome variables, scores were most frequently used, followed by gaze 
measures. Only few studies investigated effects on response times. For over half of the 

Table 2.4
Continued
Variable Category Absolute 

frequency
Relative 
frequency

Relative 
frequency of a 
positive effect 
on immediate 
learning1 (score)
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selected outcome measures (i.e., performance score, gaze during the EMV, gaze during 
post-test, delayed learning-test score, and gaze during a delayed-test) the studies did not 
report negative effects. Both gaze outcome measures showed the highest relative rates of 
positive EMME effects. 

Table 2.5
Summary of the Main Findings of the Experiments in the Context of RQ 3
 Positive effect Negative effect No effect Not investigated
Performance score 8 (10.26%) 0 (0.00%) 3 (3.85%) 67 (85.90%)
Performance 
response time

1 (1.28%) 1 (1.28%) 4 (5.13%) 72 (92.31%)

Performance gaze 12 (15.38%) 0 (0.00%) 2 (2.56%) 64 (82.05%)
Immediate 
learning score

41 (52.56%) 4 (5.13%) 13 (16.67%) 20 (25.64%)

Immediate 
learning response 
time

8 (10.26%) 3 (3.85%) 5 (6.41%) 62 (79.49%)

Immediate 
learning gaze

40 (51.28%) 0 (0.00%) 2 (2.56%) 36 (46.15%)

Delayed learning 
score

13 (16.67%) 0 (0.00%) 8 (10.26%) 57 (73.08%)

Delayed learning 
response time

2 (2.56%) 1 (1.28%) 1 (2.38%) 74 (94.87%)

Delayed learning 
gaze

14 (17.95%) 0 (0.00%) 3 (3.85%) 61 (78.21%)

Figure 2.3
Absolute Frequency of Studies That Found a Positive, Negative, or No Effect Split by Outcome Type.
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23 experiments (29.49%) additionally reported on subjective ratings, 9 experiments 
(11.54%) on participants’ qualitative responses, and 26 experiments (33.33%) 
investigated effects on other measures (e.g., EEG measures or motoric movements, 
mouse clicks). 

Discussion

This systematic literature review provides a detailed overview of studies that examined 
the effects of visualizing a performer’s gaze to foster observers’ learning and performance. 
We use the term EMME here to refer to such gaze visualizations, but we used a variety 
of search terms to identify and include related literature from other fields by authors 
who used other terms.

In total, we identified 72 articles (which included 78 studies) on the effects of 
EMME. By using broader search terms, not limited to the use of the term EMME, 
our systematic review identified new, relevant literature for EMME research (i.e., it is 
substantially more extensive than the meta-analysis by Xie et al. (2021), which included 
25 articles using the term EMME). In the following sections, we summarize and discuss 
the results of our three main research questions and their implications for future research.

What is the Background of the Identified Studies? 
Our first research question (RQ1) concerned the background of the included studies, 
such as the general domain of the tasks taught, the rationales for using EMME, and 
the term to refer to the EMME method. The most commonly used terms, besides the 
term of EMME, were Quiet Eye Training and gaze-(based) training. However, we found 
that about a third of all studies used other terms (e.g., feedforward gaze training, gaze-
augmented think aloud, gaze path cueing, visual attention training, etc.). We found that 
the EMME are primarily applied for teaching learners tasks in the domains of sports/
physical education, medicine, aviation, and STEM education (i.e., programming, 
mathematics, physics, biology). Studies in different domains seemed to have different 
rationales for using EMME. Studies that focused on teaching physical tasks from the 
domain of sports/physical education often aimed to reveal and teach the performer’s 
(usually an expert‘s) perceptual strategies, such as a quiet eye (Vickers, 2007). Studies 
that taught tasks in the domain of medicine also mostly reported the goal to teach expert 
strategies, but additionally mentioned the use of EMME to guide observers’ attention. 
Studies in STEM education had a broad variety of rationales and mentioned social 
mechanisms of EMME more frequently than studies of medicine or sports/physical 
education. Studies that taught tasks from other domains mostly referred to the goal 
of teaching and revealing the task performers’ strategies to observers. To conclude, we 
identified studies that used different rationales for EMME, terminologies, and applied 
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EMME in different contexts (e.g., sports, medicine, aviation, STEM). 
The large variety of study backgrounds (e.g., in terms of terminologies and rationales 

used) indicates that there is a wide range of different approaches and research traditions 
on the topic of EMME (in a broader sense) that have not always been well connected 
to date. Our systematic literature review is a first step towards a better connection of 
the different research fields that could ultimately contribute to a broader knowledge 
of the effectiveness of EMME in different situations and, thus, fundamentally expand 
the knowledge of EMME research. For example, the cluster of studies on Quiet Eye 
Training (Vickers, 2007) is relatively unconnected to EMME research from the field 
of educational sciences but they are similar in their use of gaze visualizations to foster 
performance and learning. By including studies that use a variety of terms in our overview, 
we provide a more complete understanding of applications and boundary conditions for 
the use of EMME (in a broader sense). To unify research fields and traditions further, it 
is important that future studies use the same terminology. 

To What Extent Do the Identified Experiments Differ in Terms of Study-
Design Characteristics? 
RQ2 asked to what extent the studies differed in terms of participant characteristics, 
task type, and EMME materials. In contrast to previous work (Krebs et al., 2019; 
Xie et al., 2021), our goal was not to draw conclusions on the effects of EMME in 
general or significant moderator variables based on statistical effect-size analysis. The 
heterogeneity of the identified studies is too large for such an analysis. Instead, we 
provided a comprehensive overview of the diversity of the published EMME literature 
by providing a list of categories in which the identified studies differ. In addition, 
we reported the relative frequency of studies that found a positive EMME effect on 
immediate learning outcomes (see last column of Tables 2.4 and 2.5) for studies with 
different design choices. This can serve as a first basis for future studies to decide on their 
EMME design and possibly inspire series of systematic experiments or further meta-
analyses on a selection of moderating variables.

Participant Characteristics
Although studies differed in terms of participants’ prior knowledge, the identified 
articles mostly recruited participants from tertiary education and participants with no or 
low prior knowledge about the topic that was taught in the EMME. About 72% of the 
included studies with learners with no prior knowledge found positive effects of EMME 
on immediate learning, compared to 60% of studies using EMME with learners who 
had higher levels of prior knowledge. This overall finding could be linked to literature 
on the expertise reversal effect, which states that design principles that are effective for 
novice learners might not be effective for more experienced learners (Kalyuga, 2009, 
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2014) and the finding that signaling particularly supports low prior knowledge learners 
(Richter et al., 2016, 2018). 

However, support for a more positive impact of EMME on learners with low versus 
high prior knowledge is not consistent in the literature. Krebs et al. (2019), Litchfield et 
al. (2010), and Van Marlen et al. (2018) found evidence that EMME are more beneficial 
to foster learning for observers with low prior knowledge than high prior knowledge. 
Others studies did not find this effect (Chisari et al., 2020; Krebs et al., 2021; Wang 
et al., 2020), or even more beneficial effects for observers with higher prior knowledge 
(Gegenfurtner et al., 2017; Scheiter et al., 2018). Indeed, the moderating effects of prior 
knowledge on the effectiveness on EMME failed to reach statistical significance in the 
meta-analyses of Xie et al. (2021) and Krebs et al. (2021). In agreement with Krebs et 
al. (2021), we assume that this inconsistency might be caused by different definitions of 
prior knowledge and further research is necessary to investigate which learners benefit 
most from EMME.

Task Type
The different task types in the included studies could be categorized as visual/classifying 
tasks, problem-solving tasks, visuo-motor tasks, text processing/comprehension tasks, 
and other tasks. The relative frequency of finding a positive EMME effect on immediate 
learning outcomes seemed to vary across these task types. 17% of studies that taught 
a problem-solving task found positive effects of EMME on learning. In contrast, the 
relative frequency of finding a positive EMME effect ranged between 70% and 82% 
for visual/classification task, visuo-motor tasks, or text processing/comprehension tasks 
(e.g., text-picture integration). For tasks of the latter categories, the processing of visual 
information is likely more relevant than for procedural problem-solving tasks, because 
the steps to solve such problem-solving tasks are often also visible to the observer in 
other ways, e.g. through the actions of the performer on the screen (as argued by Van 
Gog et al., 2009; Van Marlen et al., 2016). In this context, it should be noted, however, 
that prior knowledge might affect how observers learn procedural-problem solving tasks 
with EMME, which should be investigated in future research (Van Marlen et al., 2018). 
In conclusion, we can conclude that learners working on tasks with a higher visual 
component are likely to benefit more from EMME, and that EMME are in general less 
suited for teaching (procedural) problem solving tasks.

EMME Materials
Gaze Visualizations. Although all EMME display a performer’s eye movements, 
there are large differences in how studies visualized this gaze. To date, the impact of 
visualization choice has not been widely studied. In fact, several of the identified studies 
did not even provide detailed information about how they visualized the gaze (e.g., 
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about a fifth of all study did not report which visualization type they used and over half 
of the experiments did not report how they processed the eye movement data to create 
the EMME). 

The majority of the experiments that indicated how they visualized the EMME 
reported that they added information to the display through the EMME, used a dynamic 
rather than static gaze visualization, and showed a performers’ scan path rather than 
attention maps that were based on event-detected data. It is likely that these decisions are 
attributable to the default settings of standard eye-tracking software, as evidence-based 
guidelines for gaze visualizations are often lacking to date. Exceptions are, for instance, 
the studies of Jarodzka et al. (2012), Jarodzka et al. (2013), and Brams et al. (2021). 
These studies systematically investigated the effects of using a scan path (superimposed 
circle) visualization or attention map (blurred background) visualization for teaching 
a perceptual strategy. Jarodzka et al. concluded that the attention map visualization 
was more effective, presumably, because it reduced the amount of (redundant) visual 
information on the screen, which could help learners to select relevant information 
with less effort. However, Brams et al. (2021) were unable to replicate the beneficial 
effects of the attention map visualization and observed subtle benefits of the scan path 
visualization using static stimuli materials. A possible, first explanation could be that 
peripheral vision might be more relevant when observing moving stimuli (as argued 
by Brams et al., 2021). This would mean that attention map visualization might be 
more beneficial for dynamic learning task material (e.g., video, animation) than for 
static and vice versa. These studies form an interesting starting point for further research 
to investigate whether different gaze visualizations have different effects on observers’ 
performance, learning, and gaze measures. However, it is important to keep in mind 
that different types of visualization might be more or less effective depending on the 
specific characteristics of the learning materials and task requirements.

Performer Type and Behavior, and Additional Elements of Attention Guidance. 
Differences were also found between studies in the performers who created the EMME 
materials (i.e., performer expertise) and how they were instructed (i.e., instruction to 
behave naturally vs. didactically). More specifically, few EMME studies used peers as 
performers, and the studies that did, did not report positive EMME effects, whereas 
studies that used a more experienced performer more often found beneficial effects of 
EMME. One explanation could be that showing expert gaze guides attention more 
effectively, because experts tend to look faster and more at relevant information then 
novices (e.g., Emhardt, Kok, et al., 2020; Reingold & Sheridan, 2011; Sheridan & 
Reingold, 2017). 

Another observation regarding the EMME performers was that they were mostly 
teachers or experts who received the instruction to behave didactically (rather than 
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naturally). Such instructions may play a role in the effectiveness of the EMME. Emhardt, 
Kok, et al. (2020) recently showed that the visual characteristics of EMME displays (i.e., 
the performer’s eye movements and mouse clicks) change with such instructions. To 
date, it is not known how these different types of performer behaviors affect learning 
outcomes. However, the results of our systematic review could serve as a basis for 
future research on this topic. We observed that only 57% of the studies with didactic 
actor behavior, and 86% of the studies with natural actor behavior found at least some 
positive effects of EMME on immediate learning. One first, possible explanation for 
this could be that natural behavior demonstrates authentic (expert) behavior that can 
be learned and subsequently adopted though observation (Bandura, 1977). Note that 
seems particularly useful if EMME aim to convey expert strategies and potentially less 
so if EMME aim to guide attention.

A final point of interest regarding instructional design choices is the impact of 
adding other elements of attention guidance to EMME materials. In over half of the 
identified studies, the EMME materials included additional auditory explanations, which 
also provide guidance, for instance though verbal references to locations (D’Angelo & 
Begel, 2017). Studies reported positive effects of EMME on learning in 63% of studies 
with additional auditory instruction, but in 78% of studies without auditory guidance. 
A similar trend was identified in the meta-analysis of Xie et al. (2021). A smaller effect 
might be present for other guidance elements (like the mouse-cursor visible). In this 
context, we found positive effects of EMME on learning in 67% of the studies with 
other guidance elements and 71% of studies without other guidance. One explanation 
for finding positive effects of EMME on learning somewhat less often in the presence 
of other attention guidance elements could be that EMME have a more beneficial 
effects when the information conveyed in the gaze visualization is not redundant to the 
information conveyed by other video elements (e.g., a mouse cursor, Sweller, 2005; Van 
Gog et al., 2009). 

Given these considerations, it is important that future studies systematically 
examine the benefits of EMME and compare the effects of different EMME designs 
on learning outcomes. The findings of the preceding sections show initial insights into 
effects of possible design choices and could serve as a stimulus and initial guide for 
future studies. Ultimately, these investigations will help researchers and educators make 
more informed decisions about the costs and benefits of creating EMME in different 
manners. 

Which Types of Effects Did the Identified Studies Explore?
RQ3 asked which types of effects the identified studies explored. As with RQ2, we 
found a great deal of heterogeneity in the outcome measures. We distinguished 
between measures of performance and immediate and delayed learning and the type 
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of outcome variable (i.e., scores, response times, or gaze variables). We observed that 
most experiments investigated effects on observers’ immediate learning outcomes. The 
effects on delayed learning and observers’ performance have been studies less frequently, 
although delayed learning outcomes have a high practical relevance, and more studies 
should include this type of outcome measures. Although gaze guidance is a commonly 
used rationale for the use of EMME, it is not often investigated whether EMME actually 
direct observers’ attention (gaze) while they are studying the EMME. Overall, Figure 
2.3 shows that the overwhelming majority of studies report at least some positive effects 
of EMME on the outcome variables, which shows the large potential of EMME and is 
in line with the conclusion of the EMME meta-analysis of Xie et al. (2021) that EMME 
overall foster learning and performance. In our results, it is furthermore striking that no 
study reported negative effects of EMME on gaze measures while and after studying the 
EMME. We cannot exclude the possibility that these interpretations were made post-
hoc, which means that the observers’ changes in eye movement patterns might have 
been reinterpreted as being positive after observing the changes, without any (prior) 
theoretical foundation. Furthermore, it cannot be ruled out that such predominantly 
positive findings are also partly due to a publication bias in EMME literature. Desirable 
effects of EMME on gaze patterns should be defined based on the characteristics of the 
task taught (cf. Jarodzka & Boshuizen, 2017) and should be defined in advance for the 
specific task materials. Expertise studies could help to define desired effects in advance 
(as was the case, for example, in the study of Kok et al., 2016).

In general, future researchers should be aware that effects on learning and 
performance measures have different practical implications. For instance, effects 
of EMME on performance measures imply changes in how observers process the 
instructional material, whereas effects of EMME on learning measures imply that the 
altered processing also has longer-lasting consequences on the memory. We argue that 
researchers should align the type of measures with the objective of the study and its 
rationale. For example, measuring learners’ gaze while studying the EMME is useful if 
the EMME aims to direct attention, as it provides information about whether this goal 
is being achieved (as, e.g., in Chisari et al., 2020; Jarodzka et al., 2013; Van Marlen et 
al., 2016, 2018). If the EMME aims to convey expert strategies, measuring gaze during 
a posttest makes sense as well, because it clarifies whether learners have learned to adopt 
experts’ strategies (e.g., Brams et al., 2021; Carroll et al., 2013; Eder et al., 2020; García 
et al., 2021; Gegenfurtner et al., 2017; Litchfield et al., 2010; Mason et al., 2015; 
Mason et al., 2017).
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Limitations of the Present Literature Review
This systematic literature review also had some limitations. First, it included studies 
in which gaze visualization was not the only difference between the EMME and the 
control condition. This was mainly the case in studies on QET, which frequently 
embedded an EMME into a larger intervention program, and used different types of 
training interventions in the control groups (e.g., Causer et al., 2014; Harle & Vickers, 
2001; Hosseini et al., 2021; Jacobson et al., 2021; Miles et al., 2017; Norouzi et al., 
2019; Vine & Wilson, 2010). While such conditions may represent authentic training 
interventions, they do not allow for direct conclusions about the added value of EMME 
over regular modeling examples without gaze visualizations.  

When interpreting our results, it should furthermore be kept in mind that we 
always reported a positive effect of EMME on each type of outcome variable if at least 
one of the outcome measures per category showed a significant positive effect of EMME. 

Finally, this review did not include studies that investigate the effects of 
displaying a communication partner’s eye movements to foster (live) communication 
and cooperation or competition. We excluded these studies because the EMME 
representation in such situations is likely to change depending on what the participants 
are doing. This makes it difficult to distinguish between the effects of interaction and 
the effects of gaze visualizations. However, in our search, we came across a relatively 
large number of studies on sharing gaze in real-time to foster communication and 
interaction/competition (e.g., Bai et al., 2020; Brennan et al., 2008; D’Angelo & Begel, 
2017; Gupta et al., 2016; Müller et al., 2013; Niehorster et al., 2019; Piumsomboon 
et al., 2019). In this context, an avenue for future research is to combine the approach 
of live gaze sharing with teaching by projecting a teacher’s gaze onto a classroom wall to 
foster their students’ learning (as, e.g., suggested by Špakov et al., 2016), which could 
be an interesting extension to traditional EMME research. 

General Conclusion
This systematic literature review identified 72 studies (78 experiments) that investigated 
the effectiveness of EMME in an educational context. The identified studies used a 
variety of terms to refer to EMME interventions (e.g., EMME, QET, gaze(-based) 
training), were performed in different domains (e.g., aviation, medicine, sports, and 
STEM education) and used a variety of rationales to refer to the EMME. The aim of this 
systematic review was to connect different lines of research and provide a general overview 
on the existing EMME studies. We concluded that most studies found at least some 
positive effects, which underlines the potential benefit of adding EMME to instructional 
materials. However, we argued that different study design choices, such as the type of 
task, participant sample, or the decision to display a naturally behaving performer (vs. 
the behavior of a scripted performer) might affect the effectiveness of EMME. Based on 
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our findings, EMME seem to be particularly promising for teaching tasks with a major 
visual component (and less for problem-solving tasks) with instructional materials 
with few other elements of didactic guidance. This overview provides a first basis for 
future research on the effects of such design choices, by highlighting areas where more 
systematic investigations of influencing variables are needed. 
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Abstract

Domain experts regularly teach novice students how to perform a task. This often 
requires them to adjust their behavior to the less knowledgeable audience and, hence, 
to behave in a more didactic manner. Eye Movement Modeling Examples (EMME) 
are a contemporary educational tool for displaying experts’ (natural or didactic) 
problem-solving behavior as well as their eye movements to learners. While research 
on expert-novice communication mainly focused on experts’ changes in explicit, 
verbal communication behavior, it is as yet unclear whether and how exactly experts 
adjust their non-verbal behavior. This study first investigated whether and how experts 
change their eye movements and mouse clicks (that are displayed in EMME) when they 
perform a task naturally vs. teach a task didactically. Programming experts and novices 
initially debugged short computer codes in a natural manner. We first characterized 
experts’ natural problem-solving behavior by contrasting it with that of novices. Then, 
we explored the changes in experts’ behavior when being subsequently instructed to 
model their task solution didactically. Experts became more similar to novices on 
measures associated with experts’ automatized processes (i.e., shorter fixation durations, 
fewer transitions between code and output per click on the run button when behaving 
didactically). This adaptation might make it easier for novices to follow or imitate the 
expert behavior. In contrast, experts became less similar to novices for measures associated 
with more strategic behavior (i.e., code reading linearity, clicks on run button) when 
behaving didactically.
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Introduction

Imagine you just wrote your very first, small computer program, but something just 
does not work. After unsuccessfully trying to find and correct the error (the ‘bug’) for a 
while, you consult your programming teacher - an expert in the field. After figuring out 
the solution, the expert wants to demonstrate to you how to solve the problem. In all 
likelihood, he would adjust his problem-solving behavior when explaining the solution 
to you in a didactic manner. 

However, when trying to communicate to novices how to perform a task, experts’ 
verbal communication has its limitations. For instance, it may be difficult if not impossible 
for experts to verbalize automated processes (Ericsson & Simon, 1980). Moreover, they 
may have difficulties in correctly assessing novices’ prior knowledge (Hinds, 1999). This 
might make it difficult for experts to adequately adjust their explanations to a novice 
audience (e.g., the expert might be referring to a part of the task with a term that is 
unfamiliar to the novice, who, consequently, will have difficulty to follow and learn 
from the expert’s explanation). 

Recent technological advances offer a strategy for overcoming such limitations. 
It is possible nowadays to create videos of task demonstrations by not only recording 
an expert’s problem-solving behavior and verbal explanations, but also recording and 
visualizing their eye movements overlaid on the information the expert was looking at 
(Van Gog et al., 2009). Especially for tasks that rely strongly on processing visuo-spatial 
information, visualizations of experts’ eye movements (e.g., superimposed dots, circles, 
or spotlights onto a screen recording, Jarodzka et al., 2012) can make cognitive processes 
that are hard to verbalize, visible to learners. This can guide the learners’ attention to 
the information the expert is referring to at the right moment, which would foster their 
understanding. Video examples with task demonstrations by experts, with the expert’s 
eye movements superimposed on the task, are known as ‘Eye Movement Modeling 
Examples’ (EMME; Jarodzka et al., 2013). When EMME are combined with screen-
recording videos (e.g., for programming education), learners can follow the model’s 
non-verbal behavior by observing the model’s eye movements and mouse clicks during 
task performance. 

In some studies, EMME display experts’ behavior as it naturally occurs (e.g., 
Litchfield et al., 2010; Nalanagula et al., 2006; Seppänen & Gegenfurtner, 2012; Stein 
& Brennan, 2004). In most studies, however, the experts were instructed to behave 
didactically, displaying successful strategies and modeling familiar process as explicitly 
as possible (e.g., Litchfield & Ball, 2011; Mason et al., 2015, 2016; Mason et al., 2017; 
Scheiter et al., 2018; Van Gog et al., 2009; Van Marlen et al., 2016, 2018). Jarodzka 
et al. (2012) and Jarodzka et al. (2013) presented the expert models with prompts that 
were designed to evoke a didactic recipient-focus and, hence, keep the novice audience 
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in mind. Such prompts have previously found to alter explicit verbal communication 
patterns (Jucks et al., 2007). However, it is unclear whether and how experts’ less 
explicit, non-verbal behavior, that is visible for instance in EMME, would change when 
explaining a task didactically. 

The question addressed in the present study is how experts’ non-verbal behavior 
(i.e., mouse clicks and eye movements during code debugging) changes when moving 
from their natural problem-solving mode to a didactic teaching mode. To draw 
conclusions about the direction of this change (i.e., becoming more or less similar to 
novices), we also investigated characteristics of novices’ natural non-verbal behavior. 
This study aims to broaden our understanding of experts’ behavior during expert-novice 
communication, by extending it to experts’ non-verbal behavior. This is not only relevant 
for understanding expertise and expert-novice communication, but also for educational 
research on example-based learning.

Fostering Expert-Novice Communication with EMME
The audience design theory (Clark & Murphy, 1982) states that speakers create 
utterances with the intention to be understood by specific recipients. During expert-
novice communication, experts should adjust their utterances to novices’ needs. 
Hence, their verbal communication patterns change to appeal to the common ground 
of the communication partners - their mutual knowledge, beliefs, suppositions, and 
assumptions (Clark et al., 1983). Isaacs and Clark (1987) found that experts used more 
words and more understandable object descriptions when talking to novices than when 
talking to other experts. Similarly, experts also adapt written explanations according 
to the knowledge of the recipient: When giving an explanation to a layperson, experts 
tend to use fewer specialist terms, explain issues in more detail, and use more illustrative 
examples than when addressing an expert (Bromme et al., 2005). In the study of Jucks 
et al. (2007), medical experts expanded their texts and made more meaningful revisions 
when being instructed to focus on the knowledge of the recipient, for instance by asking 
whether the used terms were familiar to the reader or explained in enough detail. 

Still, experts’ verbal explanations might often not be sufficient to successfully guide 
the novices’ attention. First, experts might have difficulty verbalizing their processes 
due to the nature of the task (e.g., tasks with a large visual component) or their highly 
automatized task processing (Ericsson & Simon, 1980; Persky & Robinson, 2017; 
Samuels & Flor, 1997). Second, experts might not always be able to correctly assess 
novices’ prior knowledge (the ‘curse of expertise’, Hinds, 1999). Consequently, experts’ 
verbal explanations might sometimes be too abstract (Hinds et al., 2001) or ambiguous to 
be understood by novice learners (Van Marlen et al., 2018). For instance, programming 
experts might refer to “commenting lines” when talking about the symbol of ‘#’ during 
programming, which might not be a familiar term for a real novice audience. 
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The rationale behind EMME is that displaying a model’s eye movements may help 
to overcome these limitations through different mechanisms (Krebs et al., 2019). First, 
EMME can support learning by synchronizing the learners’ visual attention with that 
of the model and, hence, guide attention to the relevant information at the right point 
in time (Jarodzka et al., 2013). When verbal explanations are present in an EMME, the 
eye-movement displays have the potential to disambiguate the model’s verbal references 
(Van Marlen et al., 2018), which should help the learner to follow the expert’s process.

Second, EMME can reveal a model’s unverbalized, and thus usually covert cognitive 
processes to the learner. Eye movements contain information about a performer’s or 
model’s attentional and cognitive processes (Just & Carpenter, 1980; Rayner, 1978). 
For instance, fixations occur when the eyes rest relatively still on an object and indicate 
what is at the center of visual attention. This usually indicates which information a 
performer is currently processing. Shifts in the center of attention to another location 
(i.e., saccades) may sometimes be indicative of search behavior or comparing behavior. 
Analyzing experts’ and novices’ eye movements can therefore give us valuable insights 
about their underlying cognitive and attentional processes and the literature in this field 
is growing in the last years (for a recent, systematic overview on eye-tracking studies 
in programming research see Obaidellah et al., 2018). As Busjahn et al. (2014) stated: 
“The observation of eye movements adds an objective source of information about 
programmer behavior […] which can be used to facilitate the teaching and learning of 
programming” (Busjahn et al., 2014, p.1). 

Differences in Experts’ and Novices’ Natural Problem-Solving Behavior
There is an extensive body of literature on differences between experts’ and novices’ 
problem-solving skills and behavior (e.g., Ericsson et al., 2018). Typically, domain 
experts systematically outperform novices in terms of task-solving speed and correctness 
(during programming, see e.g., Soh et al., 2012). In the following sections, we briefly 
introduce how expertise-related differences in knowledge representation (i.e., script-
based, automatized knowledge) and strategies (i.e., chunking and forward reasoning) 
might be reflected in experts’ and novices’ non-verbal behavior during problem-solving 
tasks in general and debugging tasks in particular. 

Boshuizen and Schmidt (2008) designed a model for the development of expert 
knowledge-structures, which focuses on medical expertise and problem-solving. 
According to this model, novices first acquire general concepts and detailed knowledge 
that is used to reason in chains of small steps. This reasoning process has to be actively 
monitored and is cognitively demanding. With experience, the concepts cluster together 
and the knowledge network becomes increasingly well structured - a process that is 
called knowledge encapsulation. With more experience, scripts for solving specific tasks 
develop out of the encapsulated networks. Using these scripts leads to a fast, automated, 
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script-guided, theory driven, less effortful, and goal oriented information processing. 
Nivala et al. (2016) argued that this theory could also be fruitful for programming and 
debugging expertise, because, like medical diagnosis, debugging aims at finding errors in 
a malfunctioning system. Programming experts might acquire a knowledge repertoire of 
stereotypical behavior sequences and ‘programming plans’ (Soloway & Ehrlich, 1986). 

Experts’ script-based task processing can account for experts’ faster and automatized 
information processing with minimal conscious effort (Samuels & Flor, 1997). In light 
of Just and Carpenter’s (1980) eye-mind and immediacy assumptions, which assert that 
what is in the focus of attention is processed at that moment, a faster and less effortful 
information processing should result in shorter fixation durations during programming 
(as obseved, e.g. in Bednarik et al., 2005; Bednarik & Tukiainen, 2005; Nivala et al., 
2016; Sharif et al., 2012). Furthermore, if experts apply knowledge-based programming 
scripts, they should process code not simply linearly (e.g., line-wise from top to the 
bottom of the code, similar to regular text reading), but in a knowledge-driven and 
logical manner (e.g., Busjahn et al., 2015; Lin et al., 2016; Nanja & Cook, 1987). 

Another difference between experts and novices lies in their problem-solving 
strategies. One strategy is to cluster or ‘chunk’ task elements together to process them 
in larger units more effectively (Chase & Simon, 1973; Reingold et al., 2001; Reingold 
& Sheridan, 2011; van Meeuwen et al., 2014). For instance, programming experts 
could process (chunk) frequently occurring code elements together (e.g., perceiving an 
expression like “for i in list_name:” as one typical element to create a loop). Via this 
more holistic processing, a task that originally required detection in several parts can 
be accomplished by detecting a single unit. As a result, experts might not fixate on 
each (code) element individually, which could increase their saccade amplitudes (e.g., 
Busjahn et al., 2015). Additionally, chunking mechanisms allow experts to keep more 
information present in visual working memory (Bauhoff et al., 2012). A larger visual 
memory capacity might especially help to keep more relevant information activated 
without the need to revisit already processed information, such as new output, when 
running the code.

Another strategy that experts might apply is ‘forward reasoning’ (Katz & Anderson, 
1987; cf. van Meeuwen et al., 2014). Programming experts seem to first spend time 
building a mental representation of the problem statement (e.g., the code) and only later 
direct their attention towards the outcome (e.g., erroneous output). In contrast, novices 
reason ‘backwards’ from the goal by first inspecting the erroneous output and try to 
reason backwards to the code in order to search the errors there. The effort-demanding 
means-end problem solving strategy consists of continuously orienting towards the goal 
(the ‘end’, here the output) and applying operators (the ‘means’, here changes in the 
code) to identify the next problem-solving step based on the outcome of the previous 
changes (Simon, 1975). Novices’ backward reasoning behavior should lead to a more 
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trial-and error based problem-solving approach. In the protocol study by Nanja and 
Cook (1987), experts indeed first tried to understand the code and ran the code less 
frequently during debugging and, thus, showed a less trial-and-error, backwards-directed 
approach. In eye-tracking studies, programming experts were been found to spent more 
time initially scanning and trying to understand code before concentrating on specific 
code parts (Sharif et al., 2012). Longer scan times were furthermore linked to less overall 
time to find bugs (Uwano et al., 2006). 

Altogether, there is a large body of expertise literature and theories that can be 
used as a basis for the comparison of experts’ and novices’ problem-solving behavior. 
However, little is known about the changes in experts’ (non-verbal) problem-solving 
behavior when to communicating their knowledge to novices. 

Exploring Experts’ Change in Non-Verbal Problem-Solving Behavior when 
Acting Didactically
Previous studies have shown that experts adjust their verbal explanations to communicate 
their knowledge to a less knowledgeable audience (e.g., Bromme et al., 2005; Isaacs 
& Clark, 1987; Jucks et al., 2007; Nückles et al., 2006; Persky & Robinson, 2017). 
However, it is yet unclear whether and how experts’ non-verbal behavior (such as eye 
movements and clicks on the run button during programming) changes when modeling 
a task didactically. In this context, an important question is whether task performers are 
aware of their eye movements and can deliberately adapt their eye movements to task 
instructions or the social context, for instance to behave didactically. Humans seem to 
possess only limited awareness about their own visual behavior. For example, people 
experience difficulties distinguishing displays of their own and other task performers’ 
eye movements (Foulsham & Kingstone, 2013; Van Wermeskerken et al., 2018) and 
have difficulties recalling where they looked during a previous task (Clarke et al., 2017; 
Kok et al., 2017; Võ et al., 2016). Eye movements are difficult to change at will, as 
Hooge and Erkelens (1998) showed, for example, for the case of fixation durations. 
This limited awareness could make it difficult for task performers to adapt their eye 
movements at will. 

While is likely that the instruction to behave didactically will cause a change in 
experts’ eye movement behavior, it is difficult to predict what these changes are. On the 
one hand, experts’ cognitive processes could, for instance, slow down when behaving 
didactically, which might lead to a behavior that is more similar to novices’ behavior. On 
the other hand, by exemplifying their substantially different problem-solving behavior 
to novices’, experts’ non-verbal behavior could also become (even) less similar from that 
of novices.

An exploratory investigation of expert’ behavioral changes can contribute to the 
more general understanding of expert behavior during expert-novice communication. 
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More specifically, we can fill the literature gap about experts’ didactic, non-verbal behavior 
using eye-tracking technology. In the context of EMME research, this investigation 
might raise researchers’ and practitioners’ awareness about the influence of how the 
model is instructed on EMME. 

Overview of the Present Study
Our first research question (Research Question 1) was how experts’ and novices’ natural, 
non-verbal behavior (i.e., mouse clicks and eye movements that are also displayed in 
screen-recording EMME) differs during debugging. This investigation was done in a 
hypothesis-driven manner and was based on established expertise theories and findings 
from prior empirical studies. 

Based on the assumption that experts use more automatized and script-based 
knowledge (cf. Boshuizen & Schmidt, 2008) than novices, we expected that experts 
would perform shorter average fixations in the code area (Hypothesis 1) and process 
code less linearly (here approximately line-wise, Hypothesis 2).

Based on the assumption that experts use more chunking strategies that novices 
(cf. Charness et al., 2001; Chase & Simon, 1973), we expected that they should perform 
longer average saccade amplitudes in the code area, because not every element needs to 
be processed (Hypothesis 3). The accompanying increase in working-memory capacity 
(cf. Bauhoff et al., 2012) should cause experts to require fewer transitions between newly 
created output and the code (Hypothesis 4).

Based on the assumption that experts first build a mental representation of the 
problem and reason (forward) from the code towards the output (cf. Katz & Anderson, 
1987), we expected that experts would take longer until first testing the code (Hypothesis 
5). In addition, experts should test the code less frequently that novices (indicating 
forward-reasoning and at the same time less trial-and-error based strategy Hypothesis 
6).

Addressing Research Question 1 extends classic expertise research to the domain 
of programming and is necessary to subsequently draw conclusions about Research 
Question 2, which was whether and how (i.e., in which direction) experts change their 
non-verbal behavior (becoming more or less similar to novices) when modeling a task 
to novices didactically. Due to a lack of existing literature on this topic we did not 
specify hypotheses, but analyse this question exploratorily, using the same measures as 
for Research Question 1. 
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Methods

Participants
After excluding 2 experts (one indication of missing expertise and one case of weak 
tracking ratio of 25.2%, Mtracking ratio = 87.81%, SD tracking ratio = 8.37). The remaining sample 
consisted of 22 experts (2 female, 21 male; Mage = 29.82, SDage = 7.14) and 18 novices (7 
female, 11 male; Mage = 23.59, SDage = 2.62). All experts were employed as professional 
programmers and all novices were university students who had just participated in a 
programming introductory course. Experts reported on average 11.97 (SD = 7.36) years 
of programming experience, 4.16 (SD = 3.28) years of Python experience, and 27.14 
(SD = 11.54) hours of weekly programming activities. Novices reported on average 
0.99 (SD = 1.65) years of programming experience, 0.29 (SD = 0.51) years of Python 
experience, and 4.91 (SD = 4.47) hours of weekly programming activities.

Six experts stated that they had at least some experience in teaching programming. 
The other participants had no teaching experience. All except one participant were non-
native English speakers, who worked with English code material. The compensation for 
study participation was € 15 for the experts and € 10 for the novices.

Design
Research Question 1 concerned a between-subjects comparison of novices and experts 
natural debugging behavior, whereas Research Question 2 concerned a within-subject 
comparison of experts’ natural and didactic behavior. The study design is visualized in 
Figure 3.1.

Figure 3.1
Schematic Overview of the Experimental Design and the Procedure

Experts modeling a 
task didactically

Research Question 1: Between-subjects comparison: 
naturally occurring expertise differences

Novices solving each 
task naturally

Experts solving each 
task 

naturally

Research Question 2: Within-subjects
comparison: exploring experts’ didactic behavior

then
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Materials 

Code Material
All code snippets were in the programming language Python and were presented 
in English, the standard language for computer code. The instruction as well as the 
erroneous codes and their solutions can be found in the appendices (Appendix C, 
containing Task 1, Task 2, and Task 3). Task 1, ‘printing rectangles’ was based on 
Fitzgerald et al. (2008) and consisted of 43 lines of code. Task 2, ‘printing S’1 consisted 
of 38, and Task 3, ‘list manipulation’ consisted of 39 lines. Each code snippet contained 
4 non-syntactic bugs which means that they prevent the program from running as 
intended but that compilers and interpreters are not able to detect them (Gould, 1975, 
p.152). The bugs can be categorized as misplaced, malformed and missing statements 
(‘bugs’). Misplaced statements are code components that appear in the wrong place of 
the program. Malformed statements are components that were formulated incorrectly 
but appear at the right place of the program. Missing statements are statements in which 
a required component was omitted (Fitzgerald et al., 2008; Johnson et al., 1983). 

Integrated Development Environment (IDE)
The Python code snippets were presented in the standard Python programming IDE 
Spyder 4.0 which was adjusted for the experiment (i.e., the participants could not 
scroll and change the size of the main areas). The interface of the IDE consisted of 4 
areas of interest (AOI): The code area (Editor, screen coverage: 38.7%) the output area 
(Console, coverage: 26.9%) the task-instruction area (coverage = 19.3%), and the run 
button (coverage = 0.2%). Figure 3.2 shows the division of the screen into the AOIs. 

Figure 3.2
Screenshot of the Programming Environment with Superimposed AOIs

1 
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Apparatus
The study was created in the SMI Experiment Center software (version 3.7; SensoMotoric 
Instruments GmbH, Teltow, Germany) and was presented on a 15.6-inch monitor 
with a resolution of 1920 x 1080 pixels. Eye movements of both groups were recorded 
binocularly at 250Hz using a SMI 250 REDm infrared remote mobile eye tracker 
(SensoMotoric Instruments GmbH, Teltow, Germany) with a forehead rest. We used a 
velocity based event detection algorithm from SMI BeGaze with a threashold of 80 ms 
(cf. Bednarik et al., 2005).

Procedure
All participants sat in front of a screen with an approximate viewing distance of 60 
cm. Novices were tested one by one in an empty classroom of their university. Experts 
were tested in their offices. First, the participants answered demographic questions and 
read a short introduction to their task to debug short Python code snippets. They were 
informed that the program codes included several bugs, but that each bug could be fixed 
by changing at most one line of code. All participants then inspected a screenshot of the 
IDE with short descriptions of the relevant IDE areas. Prior to the main experiment, 
participants debugged one short exemplary code snippet in the IDE and practice 
thinking out loud in their native language while debugging. 

Then, all participants debugged two out of the three code snippets in random 
order while thinking out loud, each with a time limit of 20 minutes (based on pilot 
trials). During this time, they could freely inspect, run and manipulate the code. The 
output provided feedback on whether the code still contained errors or not. 

After debugging each code snippet, the group of experts saw an exemplary 
15-seconds dynamic display of another person’s eye movements while looking at code 
and were subsequently instructed to create an instructional EMME for the previously 
solved task, again with the instruction to think aloud. The experts were instructed to 
behave didactically using the following instructions and prompts that were adapted 
from Jarodzka et al. (2012) (translated from German to English):

Imagine a student who has very little experience in programming and debugging 
asks you: “What are the key ways to fix the bugs in this code?”. For the creation of the 
instructional video,] you should consider the following criteria:

1. It is important that the student knows the meaning of all terms. 
2. For this student, the debugging process is explained in an understandable way. 
3. For this student, the debugging process is explained in detail. 
4. All the information the student needs is included.
5. All mentioned information is important for the student.
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The experts repeated this same procedure for two debugging tasks. Four experts 
indicated that they had spare time and hence agreed to solve the third debugging task. 
This data was included in the analysis.

Data Analysis 
The performance of one expert solving one item was excluded, because he indicated 
confusion during the task. As for performance, a bug was categorized as fixed when 
the changes in the code resulted in the correct functioning of the code. As for the eye 
movement data, fixation durations (H1), linearity measures (H2), saccade amplitudes 
(H3), transitions between areas of interest (H4) were determined. For the mouse 
click data, the time to first use of the run button (H5) and the total use of the run 
button (H6) was determined. For the analysis of fixation durations in the code area, 
fixations within the code area that deviated more than 3 standard deviations from each 
person’s mean duration were excluded (1.89 % of all data); we then calculated the 
average fixation-duration per person per item. For measuring code reading linearity, 
we used a simplified linearity measure. First, we selected all fixations and their px-based 
coordinates within the code area. If the subsequent fixation was in the same line or 
moved one lines down (between 0 and 33px on the y-axis), this change was classified as 
linear downward fixation behavior (compare ‘vertical next text’ measure (%) of forward 
saccades that either stay on the same line or moved one line down, Busjahn et al., 2015). 
Larger downward movements and all upward movements were categorized as non-linear 
fixation behavior (compare ‘vertical next text’ and ‘regression rate’ measure of Busjahn 
et al., 2015). The relative frequency of linear fixation behavior was calculated per person 
per item. For the analysis of saccade amplitudes in the code area, we included saccades 
that had a start and end point within the code, based on the pixel coordinates of the 
AOIs. Saccade amplitudes in degrees of visual angle(°) were provided by SMI BeGaze 
software. Erroneaus recordings that indicated saccade amplitudes larger than 30° (i.e., 
the AOI size) were excluded from the analysis. We then calculated the average saccade 
amplitude per person per item for further analysis, but one datapoint of one person for 
one item was excluded as outlier from further analysis based on the visual inspection. 
This outlier deviated 8.68 standard deviations from the mean of the natural (instruction 
absent) condition. The average number of transitions between the code and the output 
area per click on the run button was calculated based on the transition matrix provided 
by SMI BeGaze per person per item. The time until the participants first ran the code 
(first click on the run button) and the total code running frequency (sum of all clicks on 
the run button), were retrieved from BeGaze per person per item.

All following analyses were conducted in R-Core-Team (2022) with a significance 
level of ɑ = .05. To answer both research questions, we compared different linear 
mixed-effect regression models. Such models are flexible in processing data sets with 
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unbalanced designs, in which not all participants solve the same items and, thus, do 
not require averaging the data for each person over all items (Baayen et al., 2008). 
All models included an intercept (β0) and effects of item and participant as random 
intercepts, which take into account the nonindependence of the data on a person and 
item level (Barr, 2008). In the final analysis, we compared this model with a model that 
additionally included the fixed effect (β1) of expertise (naturally behaving experts vs. 
novices, RQ1) or instruction (absent: naturally behaving experts vs. present: didactically 
behaving experts, RQ2). This allowed for analyzing if and in what direction the factor 
levels served as significant predictor for each outcome variable. Furthermore, the marginal 
Rm

2 describes the proportion of variance explained by the included fixed factor alone 
and the conditional Rc

2 indicates the explained variance by the full model, including 
random effects (Nakagawa & Schielzeth, 2013). The models were analyzed using the 
lme4 package (Bates et al., 2011) for R. Model assumptions were checked graphically 
prior to the analysis. The quantile-quantile (qq-) plots indicated possible violations for 
the assumption of normally distributed model residuals for some of the models. We 
subsequently performed Shapiro–Wilk tests to further test the normality of the model 
residuals. Appendix D provides the detailed results of these tests. For those models that 
yielded significant test results, we visually confirmed that a log-transformation improved 
the qq-plots. Appendix E shows the quantile-quantile plots of the model residuals before 
and after log transformations for the critical models.

As additional analysis and to explore if the groups behaved more or less 
homogeneously in the different conditions, the variances of observations for each 
measure were compared between the conditions (naturally behaving experts vs. novices 
or naturally behaving vs. didactically behaving experts) using a Levene’s Test. For this 
analysis, data from one expert who only solved a task naturally had to be excluded.

Results

We first analyzed the general performance of the participants in all conditions. Novices 
took on average 19.06 (SD = 2.50) minutes to fix 1.03 (SD = 1.43) out of 4 bugs 
whereas naturally behaving experts took 7.60 (SD = 3.93) minutes to fix 3.95 (SD = 
0.21) per code. Didactically behaving experts took on average 5.47 (SD = 1.66) minutes 
to explain the task. Table 3.1 displays the regression confidents with standard errors for 
all subsequent models.
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Comparison of Naturally Behaving Experts and Novices (Research 
Question 1)
The analyses in this section always consist of a comparison of the statistical models 
with and without the (between-subjects) factor expertise (naturally behaving experts vs. 
novices) as an independent variable on the outcome measures. Figure 3.3 illustrates the 
results. 

Figure 3.3
Raincloud Plots (Allen et al., 2019) For Each Measure of Research Question 1
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Note. Each dot shows the means for each person (distinguished by colour) and item (distinguished by 
shape) for novices (top) experts (bottom). Additionally, the density distribution and boxplots for these data 
points are displayed for both groups.
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Fixation Durations in Code Area 
For this variable, expertise was a predictor that significantly improved the model fit; χ2 
(1) = 38.19, p < .001, R2

m = 0.61, R2
c = 0.97. Naturally behaving experts showed shorter 

fixations in the code area than novices; Mexperts = 293.18 ms, SDexperts = 55.09 ms, Mnovices 
= 483.93 ms, SDnovices = 92.89 ms. Experts had a significantly smaller variance in average 
fixation durations than novices; F(1,79) = 7.46, p = .008.

Code Reading Linearity 
For this variable, expertise was a predictor that significantly improved the model fit; χ2 
(1) = 22.79, p < .001, R2

m = 0.38, R2
c = 0.76. Naturally behaving experts showed a higher 

reading linearity than novices; Mexperts = 33.91%, SDexperts = 3.21, Mnovices = 28.53, SDnovices 
= 3.77. The variance of average code reading linearity did not differ between the two 
conditions; F(1,79) = 1.93 , p = .169.

Saccade Amplitudes in Code Area 
For this variable, expertise was not a predictor that significantly improved the model fit; 
χ2(1) = 1.00, p = .318, R2

m = 0.02, R2
c = 0.89, Mexperts = 0.87o, SDexperts = 0.36o, Mnovices 

= 0.97o, SDnovices = 0.26o. The variance of the average saccade amplitude did not differ 
between the two conditions; F(1,78) = 0.81 , p = .372.

Log-Transformed Amount of Transitions per Running the Code
For this variable, expertise was a predictor that significantly improved the model; χ2(1) 
= 4.35, p = .037, R2m = 0.06, R2c = 0.17. Naturally behaving experts performed fewer 
transitions per code run than novices; Mexperts = 5.12, SDexperts = 2.87, Mnovices = 
6.54, SDnovices = 3.66. The variance of average amount of transitions per running of 
the code did not differ between the two conditions; F(1,79) = 0.87 , p = .355.

Log Transformed Time Until First Running of the Code
For this variable, expertise was not a predictor that significantly improved the model fit; 
χ2 (1) = 1.09, p = .297, R2

m = 0.02, R2
c = 0.47, Mexperts = 1.09 min, SDexperts = 1.15 min, 

Mnovices = 1.85 min, SDnovices = 2.19 min. The variance of average time until first running 
of the code did not differ between the two conditions; F(1,79) = 3.37 , p = .070.

Log-Transformed Code Running Frequency 
For this variable, expertise was a predictor that significantly improved the model fit; 
χ2(1) = 21.90, p < .001, R2

m = 0.30, R2
c = 0.50. Naturally behaving experts ran the code 

less frequently than novices; Mexperts = 10.11, SDexperts = 6.96, Mnovices = 23.09, SDnovices 
=13.37. Experts had a significantly smaller variance in (untransformed) average code 
running frequency than novices; F(1,79) = 13.01, p < .001.
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Experts’ Natural and Didactic Modeling Behavior (Research Question 2)
The analyses in this section always consist of a comparison of the statistical models with 
and without the (within-subjects) factor instruction (absent: natural expert behavior 
vs present: didactical expert behavior) as an independent variable on the outcome 
measures. Figure 3.4 illustrates the results. 

Figure 3.4
Raincloud Plots (Allen et al., 2019) For Each Measure of Research Question 2
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Note. Each dot shows the means for each person (distinguished by colour) and item (distinguished by shape) 
for the experts behaving naturally (top) and didactically (bottom). Additionally, the density distribution 
and boxplots for these data points are displayed for both groups.
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For some measures, we found a significant difference between experts’ natural and 
didactic behavior. When the direction of this difference showed that the experts’ 
behavior became more similar to novices’ behavior on this variable, we additionally 
explored whether there was (still) a significant difference between didactically behaving 
experts and novices. 

Average Fixation Durations in Code Area
For this variable, instruction was a predictor that significantly improved the model fit; 
χ2(1) = 21.65, p < .001, R2

m = 0.03, R2
c = 0.89. When behaving didactically, experts 

showed longer fixations in the code area than when behaving naturally; Mdidactic = 312.33 
ms, SDdidactic = 69.34 ms, Mnatural = 293.18 ms, SDnatural = 55.09 ms. The variance of the 
average fixation durations did not differ between the two conditions; F(1,90) = 1.28 , 
p = .261. Since experts’ behavior became more similar to novices’ behavior when being 
instructed to behave didactically, we explored whether novices and didactically behaving 
experts still differed significantly in their average fixation durations. Indeed, didactically 
behaving experts still showed significantly shorter fixation durations than novices; χ2(1) 
= 29.09, p < .001, R2

m = 0.52, R2
c = 0.97.

Code Reading Linearity 
For this variable, instruction was a predictor that significantly improved the model fit; 
χ2(1) = 5.46, p = .020, R2

m = 0.03, R2
c = 0.51. When behaving didactically, experts 

showed even more linear reading behavior than when behaving naturally; Mdidactic 
= 35.34%, SDdidactic = 4.60%, Mnatural = 33.91%, SDnatural = 3.21%. The code reading 
linearity did not differ between the two conditions; F(1,90) = 3.73 , p = .057.

Log-Transformed Saccade Amplitudes in Code Area 
For this variable, instruction was a predictor that significantly improved the model fit; 
χ2(1) = 8.63, p = .003, R2

m = 0.02, R2
c = 0.83. When behaving didactically, experts showed 

larger saccade amplitudes in the code area than when behaving naturally; Mdidactic = 1.01o, 
SDdidactic = 0.52o, Mnatural = 0.87o, SDnatural = 0.36o. The variance of the (untransformed) 
average saccade amplitudes did not differ between the two conditions; F(1,88) = 3.78 
, p = .055. Since experts’ behavior became more similar to novices’ when they were 
instructed to behave didactically, we explored whether novices and didactically behaving 
experts still differed significantly for this measure. We found no effect of condition 
between didactically behaving experts and novices could be found for (log-transformed) 
saccade amplitued in code area; χ2(1) = 0.27, p = .603, R2

m = 0.01, R2
c = 0.85.

Log-Transformed Transitions per Running the Code
For this variable, instruction was a predictor that significantly improved the model fit; 
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χ2(1) = 11.76, p < .001, R2
m = 0.09, R2

c = 0.39. When behaving didactically, experts 
showed more transitions between code and output area per running the code than 
when behaving naturally; Mdidactic = 7.68, SDdidactic = 4.67, Mnatural = 5.12, SDnatural = 2.87. 
Didactically behaving experts had a significantly larger variance in average transitions 
per running the code than naturally behaving experts; F(1,90) = 7.03, p = .009. Since 
experts became more similar to novices when being instructed to behave didactically, 
we explored whether novices and didactically behaving experts still differed significantly 
for this measure. We could not find a significant effect of group between didactically 
behaving experts and novices for (log-transformed) saccade amplitues in code area; 
χ2(1) = 0.32, p = .571, R2

m = 0.005, R2
c = 0.28.

Log Transformed Time Until First Running the Code
For this variable, instruction was not a predictor that significantly improved the model 
fit; χ2(1) = 0.21, p = .655, R2

m = 0.002, R2
c = 0.27, Mdidactic = 1.01 min, SDdidactic = 1.01 

min, Mnatural = 1.09 min, SDnatural = 1.15 min. The variance of average time until first 
running the code did not differ between the two conditions; F(1,90) = 0.40, p = .529.

Log-Transformed Code Running Frequency 
For this variable, instruction was a predictor that significantly improved the model fit; 
χ2(1) = 22.88, p < .001, R2

m = 0.19, R2
c = 0.37. When behaving didactically, experts 

ran the code less often than when behaving naturally; Mdidactic = 5.56, SDdidactic = 2.09, 
Mnatural = 10.11, SDnatural = 6.96. Didactically behaving experts had a significantly smaller 
variance in average code running frequency than naturally behaving experts; F(1,90) = 
14.83, p < .001.

Discussion

This study investigated how experts adjust their non-verbal behavior (i.e. eye and mouse 
movements during code debugging) to model a problem-solving task didactically 
to novices. We first compared experts’ and novices’ naturally occurring non-verbal 
behavior during code debugging in a hypothesis-driven manner (Research Question 1). 
Subsequently, we explored whether and how experts change their non-verbal behavior 
when being instructed to model the tasks in a didactic manner (Research Question 2). 

How Did Experts and Novices Non-Verbal Behavior Differ?
The comparison of experts and novices natural debugging behavior was done in a 
hypothesis-driven manner (H1-H6). The findings for H1, H4, and H6 were in line with 
our expectations based on established expertise theories. First, experts performed shorter 
fixations in the code area than novices (H1). We associated this measure with experts’ 
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use of encapsulated knowledge structures and problem-solving scripts (cf. Boshuizen & 
Schmidt, 2008) that allow for automatized, faster information processing (cf. Ericsson 
et al., 1993). This is in line with the observation that experts took, on average, less time 
to complete the debugging tasks, but gives us additional, more fine-grained insight into 
their problem-solving processes (i.e., shorter time on task might also have occurred for 
other reasons). The finding that experts perform shorter fixations is, furthermore, in 
line with previous empirical findings from expertise research (e.g., from programming 
research, see Bednarik et al., 2005; Nivala et al., 2016; Orlov & Bednarik, 2017). Experts’ 
shorter fixation duration is often seen as an indication for their faster, more efficient, and 
less effortful information processing (e.g., Nivala et al., 2016; Rayner, 2009). 

Second, the hypothesis (H4) that experts’ would need less transitions between 
code and output when updating the output information was confirmed, which might 
be an indication that experts have more working memory capacity available, due to 
chuking mechanisms (cf. Bauhoff et al., 2012; Chase & Simon, 1973). Third, the finding 
that experts ran the code less frequently than novices (H6) was confirmed, which we 
connected to experts’ forward-reasoning processes and, hence, their less trial-and error 
based problem-solving approach (cf. Katz & Anderson, 1987). 

In contrast, the analyses regarding H2, H3, and H5 yielded unexpected results. 
We expected that experts would process code in a less ‘linear’, approximately line-
wise, manner (H2), because they would use more top-down driven, script-based code 
processing approaches (Soloway & Ehrlich, 1986). However, experts showed significantly 
more linear code processing than novices. A possible explanation might be that for the 
relatively simple codes that we used, a linear debugging strategy might have been the 
most adequate method. At the same time, experts’ more linear code processing might 
have also impacted the saccade amplitudes, explaining the findings regarding H3. That 
is, more linear behavior should automatically cause shorter saccades, because the relative 
frequency of short saccades from one line to the next is higher. This might have caused 
an effect opposite to what we expected in H3 that experts would show longer saccade 
amplitudes than novices in the code area because of their more holistic processing ability 
(e.g., Kundel et al., 2007). Finally, we could not confirm H5 that experts would take 
longer until first running the code. However, this does not necessarily mean that experts 
did not first engage in more forward reasoning by first building a mental representation 
of the problem. Instead, experts’ overall faster processing ability (reflected in shorter 
time on task and fixation durations, H1) might have allowed the experts to build a 
mental representation of the code faster. In this case, the time until first running the 
code would not necessarily differ between the two expertise groups anymore. 

Aside from the hypothesis-driven investigation of novices’ and experts’ natural, 
non-didactic problem-solving behavior, we explored variance differences for each 
measure between the two groups. Naturally behaving experts showed less variance 
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for the measures fixation duration and code running frequency than novices. For all 
other measures no variance differences were found. This observation is in line with 
previous observations that found that professional programmers often show very similar 
eye movement patterns (Rodeghero & McMillan, 2015). In our study, experts’ slightly 
more homogeneous debugging behavior could indicate experts’ use of more similar 
problem-solving schemas that are stored in long-term memory. This finding might be 
an indication that it is worth displaying expert problem-solving behavior to novices, 
because it is more univocal compared to that of novice and could therefore be taught to 
them (cf. van Meeuwen et al., 2014).

Taken together, our analysis of eye-movement measures and mouse clicks allowed 
us to unravel the naturally occurring differences in experts’ and novices’ non-verbal 
behavior during the complex problem-solving task of code debugging. Aside from 
applying and extending previous expertise theories to our programming and code 
debugging, knowing how experts’ and novices’ non-verbal behavior usually differs 
during debugging is necessary to draw conclusions about the direction in which experts 
change their behavior when acting didactically (Research Question 2). More specifically, 
this helps us to answer the question whether experts’ non-verbal behavior becomes more 
similar to novices’ behavior or not.

How do Experts Change their Non-Verbal Behavior to Didactically Model 
a Task?
When comparing experts’ natural and didactic non-verbal behavior, we found that 
didactically behaving experts showed longer fixation durations, processed the code 
more linearly, performed larger saccade amplitudes in the code area, performed more 
transitions between code and output when running the code, and ran the code less often 
than naturally behaving experts. No significant effect of instruction was found for the 
measure ‘time until first running the code’. 

Interestingly, concerning the direction of changes, experts became more similar 
to novices when behaving didactically on the measures ‘average fixation durations’ and 
‘amount of transitions per running the code’, and less similar on the measures ‘click on 
the run button’ and ‘linearity’. Even though experts’ saccade amplitudes became longer 
when behaving didactically, they still did not differ significantly from those of novices. 

The average fixation durations in the code areas were shorter for naturally behaving 
experts than novices and although they became longer when experts behaved didactically, 
the difference remained significant. The amount of transitions per running the code 
was lower for naturally behaving experts than novices but increased for experts when 
they behaved didactically, to the extent that the difference with novices was no longer 
significant.

We associated experts’ shorter fixation durations with a faster processing ability 
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(Ericsson et al., 1993) and experts’ fewer transitions per mouse click on the run button 
with an increased working memory capacity (Bauhoff et al., 2012). These two measures 
were hence associated with experts’ superior processing abilities and capacities, which 
might not be easy to imitate by novices. A first interpretation of these results is that 
experts ‘slow down’ their usual (natural) behavior when behaving didactically. However, 
the finding that experts also performed fewer fixations (of longer durations) in the code 
area when behaving didactically (at least numerically, as the difference in number of 
fixations was not statistically significant) could also indicate a more directed effort to 
focus longer on fewer, presumably more relevant, parts of the code to guide novices’ 
attention. Future research using qualitative analysis of the processes experts engage in 
could confirm which of the two (slowing down or behaving in a more directed way) 
provides a more likely explanation.

Other measures might not reflect superior processing abilities, but instead 
advantageous, expert-specific strategies that could more easily be controlled and 
exemplified for novices, such as a linear code processing, or a more trial-and-error based 
behavior (a higher code running frequency). For these measures, we found that experts’ 
non-verbal behavior became more different from novices’ behavior (i.e., even more 
linear code processing and even less clicks on the run button). In fact, experts seemed 
to exaggerate and exemplify their natural, non-verbal behavior, hence increasing the 
already existing difference between themselves and novices’ behavior. It might be that 
these measures reflect more teachable strategies that can be illustrated and exemplified 
to novices to teach them. However, to what extent experts deliberately make these 
behavioral changes when behaving didactically or if the observed changes are involuntary 
effects of the changes in experts’ cognitive processes when behaving didactically, requires 
future investigation.

Limitations
When interpreting the results regarding experts’ changes in non-verbal behavior when 
modeling a task didactically, two limitations should be kept in mind. First, in contrast to 
the condition in which the experts behaved naturally, experts also knew the code and its 
solution when acting didactically. This means that the knowledge about the task might 
have influenced results regarding experts’ didactic behavior. Second, experts always 
behaved didactically after behaving naturally, which might cause order effects. However, 
we argue that it is not uncommon that experts know the answer of a problem-solving 
task when explaining it didactically to novices. Instead, the knowledge of the correct 
solution could even be needed for experts to be able to create truly didactic videos. We 
therefore think that our choice of conditions was necessary to evoke authentic natural 
and didactic behavior. To investigate the impact of order effects future studies could ask 
a control group of experts to do the task twice, without acting didactically. 
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Educational Relevance and Future Directions 
In practice, experts often need to communicate their knowledge to novices. Until now, 
studies about experts’ communication behavior with a less knowledgeable audience 
have mainly focused on changes in written or spoken verbal communication (e.g., 
Bromme et al., 2005; Isaacs & Clark, 1987; Jucks et al., 2007). We extend this research 
by investigating how didactic instructions influence non-verbal expert behavior (here 
mouse clicks and eye movements). We found that experts showed a substantial change 
in non-verbal behavior when modeling a task didactically: they would slow down some 
processes while at the same time exaggerate other strategies. One possible explanation 
for our findings is that experts become more similar to novices for measures that are 
affected by experts’ automatized, superior processing and less similar to novices for 
measures that indicate their strategic behavior. However, especially experts’ (numerically 
fewer and) longer fixations in the code area could also indicate a more directed effort to 
guide novices’ attention to relevant code information. Whether experts can control these 
changes deliberately remains, however, an open question. 

The finding that experts change their non-verbal behavior substantially when 
modeling a task didactically was a first and promising step to understand experts’ 
behavior in a social, educational context. Our results have implications for the research 
on EMME as possible educational tool. de Koning and Jarodzka (2017) provide an 
overview of possible benefits of using EMME for attention guidance over regular screen-
recording videos. Regular screen-recordings, especially in the field of programming 
education, often make use of the mouse cursor as tool for attention guidance. In contrast 
to these videos, EMME can provide observers with more fine-graded information about 
the task performer’s problem-solving behavior and can, consequently, support learning 
(see, e.g. in the field of programming education, see Bednarik et al., 2018). Only a few 
studies directly compared eye-movement and mouse-cursor displays as deictic tools and 
these studies found comparable effects of the two methods (Gallagher-Mitchell et al., 
2018; Velichkovsky, 1995). However, to the best of our knowledge, there is no research 
that compares learning from tutorial videos (e.g., modeling examples with voice-overs) 
with mouse and eye-movement displays, and an interesting question would be if experts 
would adapt “mouse pointing” in a similar manner as they seem to adapt their eye 
movements when behaving didactically. 
In the context of EMME research, our present results generally imply that EMME of 
naturally and didactically behaving models will likely differ substantially with – until 
now – unknown effects on learning. While both types of model instructions have been 
used to create EMME (and shown to foster performance and learning), they have not 
yet been compared on their effectiveness for performance and learning. Future studies 
should therefore investigate effects of model instruction on how well students can follow 
and learn from EMME. On the one hand, novices’ might benefit from expert didactic 
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attention guidance in EMME, because it is targeted towards the specific audience group 
and might be easier to understand and follow. On the other hand, observing an expert’s 
natural viewing and problem-solving behavior could provide useful insights into the 
standards their performance should ultimately meet and stimulate more self-explanation 
behavior and deep processing. However, the effectiveness of (EMME) videos with 
different kinds of model instructions might also be dependent on the learners’ level of 
prior knowledge, because learners with less prior knowledge might need more didactic 
guidance to follow the experts’ behavior.
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Effects of Natural vs. Didactic 
Behavior of the Expert Model 
on Novices’ Learning from Eye 
Movement Modeling Examples

This chapter is based on: 
Emhardt, S. N., Jarodzka, H., Brand‐Gruwel, S., Drumm, C., 
& van Gog, T. (submitted). Effects of natural vs. didactic behavior of 
the expert model on novices’ learning from Eye Movement Modeling 
Examples. [Manuscript submitted for publication]. Faculty of 
Educational Sciences, Open Universiteit, Heerlen
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Abstract

Studying video modeling examples, in which an expert (i.e., model) demonstrates 
how to perform a task, have recently become a popular way of learning. However, the 
behavior of the models in these videos varies substantially. Some behave naturally (as 
they usually approach the task), whereas others behave more didactically to make their 
behavior understandable to learners. We investigated the effects of displaying natural 
vs. didactic model behavior in Eye Movement Modeling Examples (EMME), which 
are videos that also visualize the model’s gaze to guide learners’ attention. Unexpectedly, 
the type of displayed model behavior did not affect learners’ self-reported mental effort 
during video study, nor their post-test performance. Qualitative analyses of participants’ 
responses to the EMME indicate that this video format was well received overall and 
suggest design guidelines to create future EMME. Future research should explore to 
what extent our findings also hold for other types of tasks and videos.
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Introduction

With the rise of new technological advances, instructional videos such as web lectures, 
knowledge clips, or video modeling examples (a.k.a. tutorials or ‘how to’ videos) on 
online learning platforms are on the rise. This way, learners from all over the world have 
instant access to a variety of videos that can teach socially and economically relevant 
skills, such as programming (Litecky et al., 2006). In the domain of programming, 
video examples traditionally consist of screen-recordings with voice-overs (Kefalas & 
Stamatopoulou, 2018a), in which the learners can observe a more knowledgeable person 
(or ‘model’) who demonstrates how to perform a task. 

We know from educational research that learning by observing video modeling 
examples is an effective and efficient way of learning (Van Gog & Rummel, 2010; 
Van Gog et al., 2019). Moreover, research has shown that a promising way to further 
enhance video modeling examples is to use modern eye-tracking technology to visualize 
the location of the model’s eye movements during task performance in screen-recording 
videos. In such Eye Movement Modeling Examples (EMME, Van Gog et al., 2009), 
the model’s fixations are displayed on the screen, for instance as a moving dot or circle. 
EMME have been found to be beneficial for learning a variety of tasks (in the domain 
of programming, see e.g., Bednarik et al., 2018). 

However, the instructional design of such videos differs widely across studies, 
with unknown effects on learning. For instance, it is striking that models often receive 
substantially different instructions prior to creating the instructional videos. In some 
studies, the models receive no specific instructions and, consequently, the videos 
simply display their naturally occurring task performance (e.g., Litchfield et al., 2010; 
Nalanagula et al., 2006; Seppänen & Gegenfurtner, 2012; Stein & Brennan, 2004). The 
possible advantage of these videos could be that learners can witness and gain insights 
into an (expert) model’s authentic problem-solving behavior and the standards their 
behavior should ultimately meet. In other studies, the models behave more ‘didactically’, 
for instance due to the prior instruction to explain a task solution in an understandable 
manner to a novice audience (cf. Jarodzka et al., 2012; Jarodzka et al., 2013). This 
should make it easier for novices to follow didactic model behavior, as we will elaborate 
in the section on possible effects of displayed model behavior on perceived mental effort 
and learning.

It is as yet unknown if and how such differences in displayed model behavior (i.e., 
natural vs. didactic behavior) affect learning. The current study aimed to investigate 
if displaying a (programming) expert’s natural or didactic behavior in EMME affects 
novices’ perceived mental effort and the learning outcomes. 
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Challenges of Video Learning and the Idea Behind EMME
Observing video modeling examples can be an effective and efficient way of learning 
compared to learning by solving practice problems. By efficient, it is meant that 
example-based learning not only leads to better learning outcomes, but typically also 
takes less mental effort for novices than learning by practice problem solving. However, 
this is only the case when videos are well-designed (Van Gog et al., 2019). For instance, 
because visual and auditory information in videos is typically transient (i.e., present 
one moment and gone the next moment), learners’ information processing might be 
hampered (e.g., Castro-Alonso et al., 2018; Leahy & Sweller, 2011). Because of this 
transience, learners have to select and attend to the relevant information at the right 
time. If they fail to do so, this information is not available for further processing and 
learning is hampered. Attending to the right information in time might be even more 
difficult for novices when the videos display visually complex materials. 

Furthermore, learners may experience difficulties following a domain expert’s 
behavior and verbal explanation of what they are doing, especially when the learners 
have only little prior knowledge about the topic. For instance, when novices do not yet 
know a particular term because it is domain jargon, they may fail to locate the visual 
information that the expert model is looking at and talking about in time. There is a 
substantial body of eye-tracking literature that shows that experts process information 
more globally and attend to relevant task elements faster and more often than novices 
(for reviews see Reingold & Sheridan, 2011; Sheridan & Reingold, 2017). This occurs 
even when these experts behave didactically (Emhardt, Kok, et al., 2020). Thus, the 
attention of the novice learners might not be well-aligned with that of the expert 
model. This might hamper learners’ processing of the video examples, especially if they 
contain visually complex material. This lack of a state of joint attention, in which two 
interaction partners are focused on the same object at the same time, is problematic, 
as joint attention has often been found to be key to social learning (Butterworth & 
Jarrett, 1991; Tomasello & Farrar, 1986). When watching an instructional video about 
programming, higher levels of joint attention are, for instance, associated with higher 
test performance and motivation (Sharma et al., 2019). 

The underlying idea of EMME (Van Gog et al., 2009) is that displaying an expert 
model’s eye movements could help to establish joint attention with the model. This 
should reduce the learners’ effort required to follow the examples and, consequently, 
improve learning. By displaying the model’s eye movements, the learner could gain 
insights into the expert model’s perceptual strategies during problem solving, which are 
often not verbalized (Jarodzka et al., 2013; Van Marlen et al., 2016, 2018). A variety 
of studies has reported positive effects of EMME on learning complex tasks with a 
major visual component. For instance, EMME have been shown to foster learning of 
perceptual classification tasks (Jarodzka et al., 2013), medical diagnosis (Gegenfurtner 
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et al., 2017; Jarodzka et al., 2012; Litchfield et al., 2010; Seppänen & Gegenfurtner, 
2012), reading and comprehension (Bednarik et al., 2018; Salmerón & Llorens, 2018), 
and multimedia learning (Krebs et al., 2019; Mason et al., 2015, 2016; Mason et al., 
2017). 

In programming education, Bednarik et al. (2018) recently investigated whether 
an EMME-based intervention can improve reading and comprehension of source 
code compared to a baseline group that received no instructions. The learners saw 
visualizations of an advanced programmer’s naturally occurring eye movements and 
heard another person’s didactic explanations as voice-over that described the underlying 
program comprehension strategy (here the ‘Block Model’ of code comprehension, 
Schulte, 2008). The EMME intervention resulted in better code comprehension 
performance compared to the performance of a baseline group of programmers that 
solved the comprehension tasks without studying the EMME. Stein and Brennan (2004) 
investigated how observing another programmer’s naturally occurring eye movements 
(without additional didactic explanations) during debugging affected observers’ 
subsequent debugging performance. The observers indeed found the bugs more quickly 
after seeing the eye-movement displays of the other programmers than those who did 
not watch the visualizations of the eye movements. Hence, EMME can be considered 
an effective instructional tool for programming education. 

The Unknown Role of Didactic Model Instruction and Guidance
Despite these promising findings, one possible influencing factor on the effectiveness 
of modeling videos might be the instructions that the models receive prior to recording 
the video and the resulting model behavior. It is striking how much the displayed model 
behavior varies in different studies. Some videos display an experts’ problem-solving 
behavior as it naturally occurs and without any further instructions (e.g., Litchfield et 
al., 2010; Nalanagula et al., 2006; Seppänen & Gegenfurtner, 2012; Stein & Brennan, 
2004). Consequently, these models likely provide few elements of didactic guidance. 
Other studies display the natural behavior of a successful task performer with additional 
didactic explanations of another person (Bednarik et al., 2018). However, this video 
design might be less helpful for establishing joint attention, because the model’s eye 
movements and the verbal explanations are presumably less well aligned, because they 
do not originate from the same person. For other studies, the models were specifically 
instructed to behave didactically by modeling a successful, known strategy in an explicit 
way (Litchfield & Ball, 2011; Mason et al., 2015, 2016; Mason et al., 2017; Scheiter et 
al., 2018; Van Marlen et al., 2016, 2018). Finally, Jarodzka et al. (2012) and Jarodzka 
et al. (2013) even used prompts to instruct the model to explain a known task solution 
in an understandable, novice-focused, and hence, didactic manner. These prompts have 
shown to alter experts’ explicit verbal communication patterns (Jucks et al., 2007). 
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In line with this, Emhardt, Kok, et al. (2020) recently showed that characteristics of 
EMME videos (i.e., the models’ displayed eye movements and mouse clicks) change 
substantially with natural or didactic model instruction. However, it is as yet unknown 
if and how such differences between natural and didactic model behavior affect learners’ 
mental effort investment and learning outcomes. 

Possible Effects of (Natural vs. Didactic) Model Behavior on Perceived 
Mental Effort and Learning
Regarding the potential effects of displaying an expert’s natural or didactic model 
behavior, on the one hand, one might expect didactic behavior to be more beneficial for 
learning. Didactically instructed experts have been shown to adjust their behavior and 
explanations to the knowledge level of their audience. For instance, Jucks et al. (2007) 
found that experts elaborate more on central concepts that are relevant for understanding 
the content when being instructed to target their explanations to a less knowledgeable 
audience. More didactic elaborations could substitute for missing internal knowledge 
structures and make it easier for learners with little prior knowledge to follow the model 
Kalyuga (2009). Kalyuga Furthermore, didactically instructed experts have been found 
to slow down their fast and automatized problem-solving processes when creating 
didactic modeling examples (Emhardt, Kok, et al., 2020). Novices might need to spend 
less effort on trying to follow experts’ didactic compared to expert’s natural behavior. 
Consequently, learners might have more cognitive resources available to process the 
relevant information at the right time (Kirschner et al., 2006; Sweller et al., 2019).

On the other hand, there is also evidence in literature that could suggest that learning 
from less didactic and more natural expert behavior (i.e., from instructions that would 
seem to be less adapted to novices’ level of knowledge) may be more beneficial for novices’ 
learning. For instance, in a study of Hinds et al. (2001) novices showed better transfer 
performance when learning from more abstract (expert) instructions. The authors argued 
that experts’ less concrete instructions could facilitate knowledge abstraction and, thus, 
foster knowledge transfer. Similarly, Boekhout et al. (2010) found that (written) worked 
examples of naturally behaving experts were more beneficial for learning than studying 
natural worked examples of less experienced models, even though the latter were at a level of 
performance that was closer (and therefore presumably easier to understand) to the novice 
learners’ level. Based on these first findings, one might argue that an expert’s natural model 
behavior could foster knowledge abstraction and, thus, foster learning. Furthermore, an 
expert’s natural behavior can provide novices with valuable insights into experts’ authentic 
problem-solving strategies. By observing experts’ natural behavior, novices could gain 
valuable insights into the standards that their behavior should ultimately meet. Since there 
is, however, no prior literature on the specific topic of learning from natural or didactical 
expert behavior, we will investigate these effects in an exploratory manner.
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Overview of the Present Study
The aim of the present study was to investigate if and how displaying natural vs. 
didactic expert behavior in EMME influences observers’ mental effort and learning 
outcomes. A programming expert either performed the problem-solving task (i.e., code 
debugging) naturally without any didactic instructions or explained the task-solution 
in a didactic manner that was targeted at the knowledge level of the novice audience 
(using evidence-based didactic prompts of Jarodzka et al., 2012; Jarodzka et al., 2013; 
Jucks et al., 2007). We expected two effects on learning with these different levels of 
didactic guidance. Our first hypothesis (H1) is that following and making sense of an 
expert’s natural behavior should impose higher processing demands, and therefore we 
expect higher perceived mental effort ratings of learners who watched natural than of 
those who watched didactic EMME. Our second hypothesis (H2) is that there would be 
differences in learning outcomes (i.e., performance in a recall and debugging post-test) 
when observing an experts’ natural or didactic behavior in EMME, but we did not have 
a specific expectation regarding the direction of those differences. As described above, on 
the one hand, one could expect that observing a video model’s didactic behavior is more 
beneficial for learning, because it is specifically targeted towards the knowledge level of 
the novice audience. On the other hand, observing experts’ natural behavior might be 
more beneficial, as it could foster knowledge abstraction and can provide insights into 
experts’ authentic problem-solving processes.

The investigations of this study could provide us with new insights into learning 
from video models and guidelines for the design of instructional videos concerning 
model instructions. To explore ways of improving the EMME format further, we 
also asked participants to answer an open question regarding their opinion about the 
presented video format. This data could give us additional insights into the perception 
of (natural and didactic) EMME and could provide us with new ideas on how to further 
improve the videos.

Methods

Participants and Design
Participants were students of Python introductory courses at several German universities 
and universities of applied sciences that were recruited online by receiving the link to 
our study through their teachers. Sixty-four participants completed the study online 
(Mage = 24.17 years, SDage = 3.78; 16 females). On average, participants indicated 1.82 
(SD = 4.14) years of programming experience in general, 0.66 (SD = 1.21) years of 
experience with the Python programming language, and an average experience rating 
on the 9-point likert-scales of 4.19 (SD = 1.87). Only three participants indicated prior 
experience with the Spyder IDE (the integrated development environment in which 
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participants performed the debugging task). 
Participants were randomly assigned to one of two study conditions, in which they 

either observed EMME of the model behaving naturally (n = 24) or EMME of the model 
behaving didactically (n = 40). Note that Limesurvey.org used a true randomization 
mechanism instead of a pseudo-randomization, which resulted in unequal sample sizes 
per condition (we took unequal sample sizes into account when performing the Mann-
Whitney U and student’s t-tests). Power calculation with G*Power (version 3.1.9.7, Faul 
et al., 2007)revealed that with the used sample sizes, we were able to detect relevant, 
medium to large effect sizes between the two groups of d = .73 with a power of .80. All 
participants received an online voucher of 7.50 Euros as compensation.

Materials

EMME 
The EMME were created by recording the eye movements and concurrent verbal 
explanations of an experienced male programming teacher while he debugged two code 
snippets. The programmer’s eye movements were recorded binocularly at 250Hz using a 
SMI RED250 infrared remote mobile eye tracker (SensoMotoric Instruments GmbH, 
Teltow, Germany) with a forehead rest. The dynamic eye-movement displays were 
generated using SMI BeGaze software (Version 3.7; SensoMotoric Instruments), with 
the programmer’s fixations (i.e., lasting ≥ 50 ms) overlaid on the original material with 
the ‘Scan Path’ option from SMI BeGaze. The fixations were displayed as a light gray, 
translucent dot with a constant size of 27 px in diameter. Figure 4.1 shows an example 
of the screen display. The programming teacher’s (natural and didactic) verbal utterances 
were recorded with an external microphone (Jabra Speak 410 USB microphone type 
PH5001U).

The EMME introduced two short, erroneous Python codes (‘printing rectangles’ 
and ‘list manipulation’) that were debugged by the expert (based on Emhardt, Kok, et 
al., 2020). The code of the ‘printing rectangles’ task consisted of 43 lines of code. The 
code should print three different, rectangular patterns using the *-symbol. The code 
of the ’list manipulation’ task consisted of 39 lines of code and should produce three 
different lists of 1-digit numbers. Both code snippets included 4 errors of the categories 
‘misplaced’, ‘malformed’ and ‘missing’ statements (cf. Fitzgerald et al., 2008; Johnson et 
al., 1983). Appendix F contains the instruction details, the erroneous Python codes, and 
the solution on how to debug both codes. The codes were presented in the IDE Spyder 
(Spyder 4.0) on a 15.6-inch monitor with a resolution of 1920 x 1080 pixels. 
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Figure 4.1
Screenshot of One Emme Video With a Superimposed Eye Movement Visualization, Displayed as a Gray Dot

To create the videos displaying the programmer’s natural debugging behavior, the 
programming teacher debugged each code while thinking aloud (and eye movements 
being recorded) without any specific instruction. To create the didactic videos, he then 
received the instruction to model his previous solutions to a fictitious programming 
beginner while keeping the following criteria for a helpful video in mind (based on 
Jarodzka et al., 2012; Jarodzka et al., 2013; Jucks et al., 2007):

1. It is important that the student knows what all terms mean. 
2. For this student, the debugging process is explained in an understandable manner.
3. For this student, the debugging process is explained in enough detail.
4. All information that the student needs is included in the explanation.
5. All mentioned information is important for the student.

After each didactic recording phase, the experimenter and the programming teacher 
discussed the quality of the didactic video based on these criteria. If the videos did not 
meet all criteria, it was re-recorded. The videos that were selected for the main study 
had an average duration of 9.97 minutes (‘printing rectangles’ task naturally instructed 
programmer: 10.37 minutes, rectangle task didactically instructed programmer: 12.09 
minutes, ‘list manipulation’ task naturally instructed programmer: 9.15 minutes, list 
task didactically instructed programmer: 8.26 minutes). Depending on the condition, 
we could identify behavior that confirmed a natural and didactic problem-solving 
approach in the transcripts of the selected videos. For instance, the model in the natural 
videos showed initial understanding difficulties, erroneous problem-solving behavior, 
and used a more trial-and-error based problem-solving approach. This stands in contrast 
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to the model’s behavior in the videos of the didactic condition. In these videos, the 
model spent more time introducing the task and the order of his problem-solving 
approach, explained his behavior and the solution in more detail, and showed overall 
more certainty about the correctness of his behavior. Appendix G contains example 
quotes of this natural and didactic model behavior.

Subjective Rating Scales on Study Experiences
We used subjective rating scales to assess participants’ prior programming experience, 
mental effort investment (an indicator of experienced cognitive load), how much 
attention they paid to the eye movement displays, and their willingness to watch similar 
videos in the future.

Together with a programming expert, we create a scale to assess participants’ prior 
programming experience. We identified 11 common programming tasks that were 
relevant for solving the debugging tasks correctly (e.g., ‘writing functions’, ‘using if-else 
statements’, ‘working with booleans’). Participants had to rate their prior experience 
with each of these tasks on a nine-point rating scale from 1 (very, very little experience) 
to 9 (very, very much experience).

We used the nine-point subjective rating scale by Paas (1992) to measure 
participants’ cognitive load on several occasions during the study. Participants rated 
their invested mental effort on a scale ranging from 1 (very, very low mental effort) to 9 
(very, very high mental effort). 

Finally, we created subjective rating scales to explore how attentively participants 
followed the eye-movement displays on a scale from 1 (very, very inattentive) to 9 (very, 
very attentive) and how much they would like to see comparable videos in the future on 
a scale from 1 (very, very unwilling) to (9 very, very willing). 

Post-Test Materials
The post-test materials consisted of a recall and debugging (near transfer) test. The recall 
post-test displayed the erroneous codes from the video phase with the instruction to 
recall as many errors of the code as possible. Participants could reach a score between 0 
and 8 points in this test. The analysis section contains details about the scoring procedure 
of the recall test. 

The debugging post-test was created together with a programming expert, who 
created two erroneous post-tests codes that contained errors that were similar to the 
errors in the two videos (errors of the types misplaced, malformed, and missing errors). 
In total, we included seven errors in the post-test, one post-test containing four and the 
other post-test containing three errors. Participants could reach a score between 0 and 
7 points in the debugging test. The analysis section contains details about the scoring 
procedure of the debugging test.
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Procedure
Participants received a link to the online survey environment (Limesurvey 3) in which 
all experimental materials were presented. Participants first answered demographic 
questions and rated their prior experience with the relevant programming tasks. 

In the learning phase, participants watched the two EMME of their assigned 
condition (with the model behaving either naturally or didactically). The order of 
the tasks was randomized across participants (i.e., first the EMME of the ‘printing 
rectangles’ and then of the ‘list manipulation’ task, or vice versa). After watching each 
video, participants indicated how attentively they followed the eye-movement displays 
and rated their invested mental effort while studying the video. After watching both 
videos, participants rated their willingness to see comparable videos in the future and 
gave their opinion on the video format in an open-ended question.

In the test phase, participants first completed the recall and then the debugging 
post-test. In the recall post-test, participants saw each of the codes from the video phase 
in random order and had to recall as many errors of the code as possible within 2 
minutes per code. In the subsequent debugging post-test they debugged the two post-
test codes in random order each with a time limit of 10 minutes. During this time, they 
could freely inspect, run and manipulate the codes. On average, the experiment took 
approximately 1 hour to complete.

Data Analysis 
Per error in the recall test tasks a total of 1 point could be gained: 0.5 points for indicating 
which elements needed correction and 0.5 points for indicating how the error should 
be corrected. Thus, the maximum score on the recall test was 8 points. Per error in the 
debugging test a total of 1 point could be gained: 0.5 points when a change was made to 
the code at the correct location of an error and 0.5 points when the change resulted in the 
correct output of the code. Thus, the maximum score on the transfer test was 7 points.

Frequentist analyses were performed with R (http://www.R-project.org/) with a 
significance level of ɑ = .05. Prior to the main analysis, we inspected the distribution of 
the data with quantile-quantile plots and performed Levene’s tests to test for variance 
homogeneity. We conducted student’s t-tests and Cohen’s d as a measure of effect size 
(Cohen, 2013) for the effects on the variables mental effort and recall performance. 
For the other measures, we conducted non-parametric Mann-Whitney U tests due to 
violations of normality distributions and report rank biserial correlations r as effect size 
indication. Four participants did not upload their debugged transfer-test code correctly 
and their data had to be excluded from the analysis of the transfer test performance.

In addition, we performed Bayesian analysis for these tests with JASP (JASP Team, 
2019). These analyses provided a Bayes factor (here BF01) that quantifies how much 
more likely obtained data are under the alternative hypothesis than under the null 
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hypothesis. Hence, the Bayes factor provides more fine-graded conclusions than simply 
rejecting the null hypothesis (Wagenmakers et al., 2018). For instance, BF01 = 5.00 
indicates that the observed data are five times more likely observed under the null model 
than the alternative model. A BF01 < 3 is often referred to as anecdotal evidence for the 
null hypothesis and a BF01 > 3 is seen as substantial evidence for the null hypothesis, in 
comparison to H1 (Wagenmakers et al., 2011).

A qualitative approach was used to analyze participants’ responses to the open 
question about their opinions on the video format (EMME). The themes in participants’ 
responses were identified through an open coding approach (Holton, 2007; Ryan & 
Bernard, 2000). First, each answer was split into meaningful units and labeled based 
on its content. These units were then grouped into answer categories that summarized 
their content further (Khandkar, 2009). Each answer category mentioned either positive 
or negative aspects about the video format, or contained suggestions to improve the 
video format without a clear positive or negative evaluation. In the results section, we 
report the content of all categories, their positive or negative evaluation and how often 
participants’ responses fell into each of the categories. 

Results

To check for pre-existing differences between the two experimental groups, we compared 
self-reported prior programming experience between the two experimental groups with 
Mann-Whitney U tests (because the data were not normally distributed). No significant 
differences were found for years of general programming experience (W = 416.50, p 
= .381), years of Python experience (W = 458.50, p = .767), and the average rating of 
experience with relevant programming tasks on a 9-point likert-scale (W = 367.5, p = 
.120). For the measures of our main analysis (H1 and H2), Table 4.1 displays the means 
and standard deviations of the measures for participants watching the experts’ natural or 
didactic modeling performance and Figure 4.2 illustrates the results graphically. 

Table 4.1 
Means and Standard Deviations (SD) Of All Measures and Both Experimental Conditions Separately

 
 

EMME with natural
model behavior

EMME with didactic
model behavior

Mean SD Mean SD
Mental effort (from 1 to 9) 4.96 1.92 4.66 2.02
Recall performance (from 0 to 8) 3.92 1.69 3.98 1.78
Debugging performance (from 0 to 6) 2.07 1.78 1.91 1.97
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Figure 4.2. 
Boxplots Displaying Participants’ Mental Effort Ratings and Scores of the Recall and Debugging Post-test, 
Separated for Participants Watching Videos That either Display a Model’s Natural or Didactic Task Performance 
(Separated on the X-Axis)
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Effects of Model Behavior on Mental Effort (H1)
We expected that learners who watched EMME with natural model behavior would 
report higher mental effort investment than those who watched didactic EMME. 
In contrast to this hypothesis, however, we did not find a significant effect of model 
behavior on participants’ average mental effort ratings, t(62) = -0.58, p = .566, d = 0.15, 
BF01 = 3.31. The Bayes factor suggests that the null model (no effect of type of EMME) 
is 3.31 times more likely than the model that includes an effect of EMME (substantial 
evidence).

Effects of Model Behavior on Learning (H2)
 As for learning outcomes, we explored whether learning outcomes (i.e., recall and 
transfer test performance) would differ depending on whether learners observed an 
experts’ natural or didactic behavior in EMME. We did not find a significant effect of 
model behavior on participants’ recall performance, t(62) = 0.13, .p = .898, d = 0.03, 
BF01 = 3.78. We also did not find a significant effect of model behavior on participants’ 
debugging performance, W = 378.00, p = .471, r = -0.11, BF01 = 2.73. The Bayes factors 
suggest that the data on recall performance is 3.78 times more likely to be observed 
under the null model than under the model with EMME effect (substantial evidence). 
Concerning participants’ own debugging performance, the data is 2.73 times more 
likely to be observed under the null model than under the model that includes the 
EMME effect (anecdotal evidence).
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Effects of Model Behavior on Study Experiences
Explorative analyses of the study experience questions showed that model behavior did 
not affect participants’ self-reported attention towards the eye movement displays, Mnatural 
= 6.48, SD = 2.23; Mdidactic = 6.61, SD = 1.74; W = 458.50, p = .769, r = -0.05, BF01 = 
3.79. The Bayes factor suggests that the data are 3.79 times more likely to be observed 
under the null model without EMME effect than under the model with EMME effect 
(substantial evidence). Moreover, model behavior did not affect participants’ self-
reported willingness to watch comparable videos in the future, Mnatural = 6.04, SD = 2.12; 
Mdidactic = 6.60, SD = 1.84), W = 552.00, p = .311, r = 0.15, BF01 = 2.50. The Bayes factor 
suggests that the data is 2.5 times more likely to be observed under the null model than 
under the model with EMME effect (anecdotal evidence).

Overall, our small-scale, exploratory analysis on participants’ qualitative responses 
to the EMME revealed that participants mentioned more positive (Ntotal positive = 74) than 
negative aspects about (Ntotal negative= 32) this video format. Model behavior did not have 
a significant effect on the relative number of positive responses, W = 394.00, p = .241, 
r = -0.16, BF01 = 2.48. The in Appendix H details the results of the qualitative analysis 
of students’ opinions on the study materials. It shows the different categories that were 
coded, along with an evaluation (positive/negative) of the content of each category, and 
reports how often participants’ answers fell into each of the categories.

In addition to comments falling in the categories above, other comments included 
suggestions for further improvement of the video format without an explicit positive 
or negative evaluation. Participants made the following suggestions to improve future 
videos:

• Displaying a larger part of the code at once to reduce scrolling (this gives them the 
opportunity to get a better overview and look up necessary information)

• The format should provide more possibilities for own problem-solving (debugging) 
attempts

• More time needed: there should be an option to stop the video or watch it twice
• The eye movement visualizations should be smoothened
• The videos should not show the model’s errors or long breaks 
• The EMME format seemed to be more suitable for more advanced learners
• Individual (code) elements should be explained more easily and in more detail
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Discussion

In this study, we investigated the effects of displaying natural or didactic behavior 
expert behavior on students’ mental effort investment and video learning. Programming 
beginners watched two Eye Movement Modeling Examples (EMME) videos in which an 
expert programmer modeled how to solve Python code debugging tasks either naturally 
or didactically and then had to recall the information (i.e., recall test) and debug novel 
code containing similar errors (i.e., debugging test) themselves. Unexpectedly, we did 
not find effects of displayed model behavior on participants’ perceived mental effort 
investment, their recall test performance, or their debugging performance. Moreover, 
exploratory analyses on self-reported study experiences showed no effects of model 
behavior on participants’ self-reported attention towards the eye-movement displays and 
their reported willingness to watch comparable videos in the future. While this finding is 
somewhat surprising (we had at least expected the didactic EMME to require less effort 
investment during learning), these results suggest that researchers and practitioners have 
some freedom in deciding how to design EMME (and perhaps other types of video 
modeling examples) for programming tasks. Moreover, if natural EMME work as well 
as didactic EMME, this opens up opportunities for real-time modeling without an extra 
burden on the expert model. For instance, students could learn by looking along with 
an expert who performs a (programming) task as usual via a remote video connection 
or larger screen. Nevertheless, before we can definitively draw the conclusion that the 
model behavior does not affect effort or learning outcomes, future research should first 
address whether these findings generalize to other types of tasks within and outside the 
programming domain. 

A novel feature of our study compared to other EMME research is that we asked 
participants to comment on the video format. Our qualitative data analysis revealed that 
participants in both conditions mentioned more positive (74 remarks) than negative 
remarks (32 remarks) about the video format with no difference in the relative amount 
of positive comments between the two experimental conditions. Given that several 
remarks could originate from the same person, we conclude that participants’ responses 
were overall positive about this video format. Moreover, participants’ remarks provide 
valuable suggestions on how to improve the EMME format in future studies further. For 
instance, various participants suggested smoothening or slowing down the visualizations 
of the eye movements to make it easier and less effortful to follow them. 

Furthermore, participants mentioned that they would like to have the opportunity 
to stop and replay the videos and to see the whole task material at once (i.e., a video without 
scrolling). Displaying the entire task material at once in the video would allow observers 
to search for crucial information on their own if needed. In terms of model behavior 
displayed, some participants suggested not displaying initial erroneous problem-solving 
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actions or longer breaks while the model had to think about the task. In addition, some 
participants mentioned that they would prefer more detailed explanations to make the 
videos understandable for an audience with less prior knowledge. While there was no 
effect of model behavior on participants’ mental-effort measures and learning outcomes, 
these qualitative data suggest that participants might still prefer learning from more 
didactic, flawless, and learner-focused model behavior.

Limitations and Future Research
A limitation of the present study is that we could not assess how much participants 
in both conditions learned from the EMME, as we did not have a pre-test to assess 
participants’ prior knowledge of the programming errors. We did analyze their self-
reported experience with relevant programming tasks (e.g., for loops and booleans) to 
check for potential pre-existing differences in experience between the two experimental 
groups. We decided against using a debugging pre-test in this study, because trying to 
solve tasks with similar content as in the post-test could already have a teaching function 
(Kim & Willson, 2010; Latimier et al., 2019), even when participants do not succeed in 
solving the tasks (Richland et al., 2009). A common way for programming beginners to 
learn debugging and other programming tasks is to attempt to solve programming tasks 
on their own (Michaeli & Romeike, 2019), and attempting that first and then studying 
an example might have different effects than immediately studying an example. 

A potential limitation that might impede generalization of our results is that we 
only used an expert model who also had extensive teaching experience. We therefore 
do not know whether our findings generalize across different types of models. An open 
question in this context is whether one can simply use any expert model or whether the 
models should be experts with specific teaching experience, as in the present study. For 
models with a substantial amount of teaching experience, it may be easier to adjust their 
behavior in a didactic manner. At least for this case, we can now state that no specific 
instruction is necessary when creating EMME. 

It would furthermore be interesting to compare the effectiveness of using natural 
and didactic video modeling examples in other video formats than EMME that likely 
provide less guidance. Moreover, future studies could compare the effects of model 
behavior while systematically varying the different sources of attention guidance in the 
video examples, such as the model’s eye movements, mouse movements, or verbalizations. 
However, in terms of exploring possible effects of (natural or didactic) verbalizations, 
we argue that the tasks in the present study would have been difficult to teach and 
learn without such verbalizations. Regarding effects of the mouse cursor display, some 
participants mentioned they perceived limited value of the eye movements over the 
mouse cursor (10 remarks), and teachers in regular screen-recording videos on (online) 
learning platforms typically only have the mouse cursor available for attention guidance. 
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While EMME provide observers with more fine-graded information about the model’s 
problem-solving process, it is possible that only displaying a mouse cursor might also be 
sufficient. Only a few studies actually compared attention guidance with eye-movement 
and mouse-cursor displays. These studies found comparable effects of the two methods 
but did not take (didactic or natural) verbalizations into account (Gallagher-Mitchell et 
al., 2018; Velichkovsky, 1995). 

One major aim of future investigations should be to generalize our results by using 
a greater variety of participant groups, task materials, and video formats. In terms of 
participant groups, it is likely that students with different levels of prior knowledge 
might respond differently to videos with varying levels of didactic guidance. A more 
knowledgeable audience might have enough working memory capacity to learn form 
a model’s natural behavior that does not include (possibly unnecessary) didactic 
explanations (Große & Renkl, 2007). Studying (didactic) examples has been found to 
lose its effectiveness with increasing experience of the learners (i.e., expertise-reversal 
effect, Kalyuga, 2009). We cannot draw any conclusions about the expertise-reversal 
effects for didactic guidance from our data because we did not systematically manipulate 
and assess learners’ prior knowledge with an objective test. 

Finally, future studies could use additional measures such as eye-tracking 
technology to investigate possible effects of model behavior not only on learning but 
also on attention guidance. Tracking the learners’ eye movements could provide us with 
valuable insights on how closely and how easily learners follow a model’s natural and 
didactic behavior. 

In conclusion, we found that displaying a model’s natural vs. didactic behavior 
in EMME did not affect novices’ perceived mental effort while studying the video and 
learning. Our findings are relevant for educational practice because they imply that 
creators of video modeling examples have some freedom in deciding how to design 
their instructional materials. We furthermore found that overall, participants responded 
positively to the EMME format and formulated first suggestions to design future 
EMME based on participants’ responses. Before we can draw definite conclusions about 
the effects of natural and didactic model guidance on video learning, future studies 
should generalize our findings to different types of videos and task materials
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Abstract

Eye Movement Modeling Examples (EMME) are instructional videos that display 
a teacher’s eye movements as ‘gaze cursor’ (e.g., a moving dot) superimposed on the 
learning task. This study investigated if previous findings on the beneficial effects of 
EMME would extend to online lecture videos and compared the effects of displaying 
the teacher’s gaze cursor with displaying the more traditional mouse cursor as tool to 
guide learners’ attention. Novices (N = 124) studied a pre-recorded video lecture on how 
to model business processes in a 2 (mouse cursor absent/present) x 2 (gaze cursor absent/
present) between-subjects design. Unexpectedly, we did not find significant effects of the 
presence of gaze or mouse cursors on mental effort and learning. However, participants 
who watched videos with the gaze cursor found it easier to follow the teacher. Overall, 
participants responded positively to the gaze cursor, especially when the mouse cursor 
was not displayed in the video. 
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Introduction

Over the last decade, video education has become more prominent and popular than ever 
and most recently, the majority of educational institutions worldwide were even forced 
to teach their courses and lectures remotely due to the global COVID-19 pandemic 
(Ali, 2020). Hence, teachers often found themselves uploading video recordings of 
their offline learning materials (e.g., presentations of regular lecture slides). This study 
investigated the possible benefits of displaying a teacher’s gaze in such lecture videos 
with the help of eye tracking technology to guide learners’ attention, as compared to or 
in addition to the use of the mouse cursor as a tool for attention guidance.

Lecture videos typically present visual information, for instance from a slideshow 
or animation, together with the teacher’s verbal explanations. To successfully learn from 
such multimedia materials, learners first need to select the relevant information from 
different sensory channels at the right time, then mentally organize this information, and 
finally integrate the different pieces of information with each other and with their prior 
knowledge to construct a rich mental model (cognitive theory of multimedia learning, 
Mayer, 2005). However, because video content is transient, this first step of selecting the 
relevant information can already be challenging for learners, because not all information 
is available at each moment in time (Ayres & Paas, 2007). This can hamper learning, as 
information that was not attended in time, is no longer available for processing.

A way to foster information selection during multimedia learning is by adding 
cues for attention guidance to the learning materials (e.g., Richter et al., 2016; Van 
Gog, 2014). For instance, lecture videos can show the location of the teacher’s computer 
mouse (via the ‘mouse cursor’, which is often displayed as an arrow) as a visual cue on the 
screen to direct the learner’s attention to task-relevant elements. However, this requires a 
deliberate decision by the teacher about what they want to bring to students’ attention. 
In other words, to use the mouse cursor as pointing device in videos efficiently, teachers 
need to understand when their students are no longer ‘with them’ and need further 
attention guidance. However, research shows that domain experts often find it difficult 
to estimate novices’ prior knowledge and understanding (Hinds, 1999; Hinds et al., 
2001). 

A novel, promising alternative would be to use eye-tracking technology to add visual 
cues for attention guidance to instructional videos (or information on eye tracking see 
Holmqvist et al., 2011). Eye-tracking technology can not only capture where a person 
looks over time, but also visualize this information. For instance, a person’s fixations 
(during which the eyes rest relatively still on one location to take in information) can 
be displayed as a moving dot or circle superimposed on the video (hereafter referred to 
as gaze cursor). Videos that show a person’s (e.g., an expert teacher’s) gaze cursor while 
they demonstrate how to perform a task are commonly referred to as Eye Movement 
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Modeling Examples (EMME, Van Gog et al., 2009). In pre-recorded lecture videos, 
the gaze cursor of an EMME can highlight to learners what information on the lecture 
slides the teacher is talking about. Research from different domains has often shown that 
EMME successfully guide students’ attention (e.g., Jarodzka et al., 2012; Van Marlen et 
al., 2018) and can foster learning (e.g., Bednarik et al., 2018; Krebs et al., 2019; Litchfield 
et al., 2010; Mason et al., 2015; Mason et al., 2017; Winter et al., 2021). Displaying a 
teacher’s gaze cursor has also been found to foster the learners’ understanding of lecture 
videos (e.g., learners needed less frequent and shorter pauses when watching a MOOC 
video with superimposed eye movements, Sharma et al., 2015). The effects of displaying 
the gaze cursor in lecture videos on actual learning outcomes are, however, unknown. 

Therefore, the aim of the present study was to compare the effects of displaying 
a teacher’s gaze cursor on students’ learning from lecture videos compared to the more 
traditional (and deliberate) mouse cursor as pointing device. 

Guiding Attention in Instructional Videos With Visual Cues to Foster 
Learning
Instructional videos that contain multimedia content have great potential to foster 
learning (for a recent meta-analysis see Noetel et al., 2021). However, selecting the 
relevant information in time can be particularly challenging when learning from video 
materials, as videos often contain transient, dynamically changing information (Ayres 
& Paas, 2007). To overcome this challenge, teachers might try to verbally guide learners’ 
attention to the relevant video elements. However, there may be several reasons why 
expert verbalizations remain insufficient to guide learners’ attention. First, domain 
experts may experience difficulty verbalizing and explaining the processes of their task 
performance (Ericsson & Simon, 1980). This is presumably because these processes 
are often fast, automatized and performed without full awareness (e.g., Boshuizen & 
Schmidt, 2008). A teacher might therefore create a lecture video without mentioning all 
relevant steps that they actually perform themselves. Second, experts have been found 
to experience difficulties assessing novices’ level of prior knowledge (Hinds, 1999). 
Consequently, an expert video teacher may not appropriately adapt their choice of words 
to a novice audience and might instead use abstract terms and expert jargon that novices 
have not learned yet in the video (e.g., Hinds et al., 2001). Third, next to ambiguity 
due to students’ unfamiliarity with the terms used by teachers, Van Marlen et al. (2018) 
mention two other reasons why teachers’ verbal referents can remain ambiguous. First, 
the video may contain competing visual information, for instance when it displays 
multiple objects that the teacher refers to, and second, a teacher’s descriptions may 
lack specificity, for instance when their verbalizations lack clear location indications 
(Louwerse & Bangerter, 2010).

In such cases, novice learners might not be able to follow the teacher’s verbalizations 
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and direct their attention to the most relevant visual information elements in the video 
in time. Instead, novices’ attention might be attracted by visually salient, but not 
necessarily relevant, task elements (as argued by de Koning & Jarodzka, 2017; Lowe, 
2003). To conclude, following transient multimedia content may be effortful and 
challenging for novice learners, especially when teachers with high domain expertise 
present visually complex (lecture) materials. 

Adding visual cues can help to overcome these challenges and support multimedia 
learning (for a meta-analysis see Richter et al., 2016). Visual cues can be defined as 
non-content information that directs the observer’s attention to relevant task-elements 
in a visual display (de Koning & Jarodzka, 2017). In instructional videos, different tools 
can serve as cues for attention guidance, such as the mouse cursor, spoken words, but 
also a teacher’s gaze cursor. These cues may reduce the mental effort of learners when 
selecting relevant video information, because they can clarify what the teacher is verbally 
referring to. Thus, novice learners might need to spend fewer cognitive resources on 
trying to infer what the teacher in the video is referring to (Mayer, 2014). At the same 
time, cues might help to establish the beneficial state of joint attention more easily, in 
which communication partners (e.g., novice learners and the teacher) attend to the 
same information simultaneously (Butterworth & Jarrett, 1991; Tomasello & Farrar, 
1986). Joint attention has been found to be fundamental to learning from early on 
(e.g., Meltzoff & Brooks, 2013) and can foster understanding of what another person is 
saying (e.g., Richardson & Dale, 2005).

Comparing the Gaze and Mouse Cursor as Cues for Attention Guidance 
Previous studies found that the gaze cursor can be an effective tool to guide novices’ 
attention, establish joint attention, and ultimately foster learning (e.g., Jarodzka et al., 
2013). However, a simple alternative to the gaze cursor that is already often used in 
(lecture) videos is the mouse cursor. A previous study by Gallagher-Mitchell et al. (2018) 
found that viewing both another person’s gaze or mouse cursor during a simple number 
line estimation task increased observers’ later estimation performance. In our study, we 
aim to extend this research by using more complex lecture videos as learning materials 
that also contain a teacher’s verbal explanations. As argued above, both the gaze and 
mouse cursor could serve as valuable visual cues to guide attention, ease information 
selection and integration with the verbal explanation, and thereby, ultimately, enhance 
learning from lecture videos. An open question is how the gaze and mouse cursor 
compare in this context.

On the one hand, a person’s mouse cursor movements and their eye movements 
correlate substantially (Guo & Agichtein, 2010; Huang et al., 2011). Therefore, 
visualizations of gaze and mouse cursor positions likely contain overlapping information. 
On the other hand, the gaze and mouse cursor may differ in important aspects that 
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could affect learning. We present these aspects in the following section and discuss 
possible advantages and disadvantages of using these tools for attention guidance in 
didactic lecture videos.

Human eyes continuously move to take in information about their surroundings. 
The location of a person’s eyes typically reflects the object of their attention and, 
consequently, often reveals ongoing cognitive processes at each moment in time (Just 
& Carpenter, 1980). Following such eye movements is a natural, intuitive way to 
disambiguate spoken communication and guide attention (Hanna & Brennan, 2007). 
The gaze cursor can provide learners with highly fine-grained information about the 
teacher’s attentional focus, thereby also revealing implicit, unverbalized attentional and 
cognitive processes (Ericsson, 2006; Ericsson & Simon, 1980). Finally, a possible benefit 
of displaying a teacher’s gaze in instructional videos is that it could serve as powerful 
social cue that could increase the perceived social presence of the teacher and support 
learning (cf. Beege et al., 2020; H. Wang et al., 2019). Social cues such as human 
gestures, voice or gaze can activate a social response and lead to deeper processing, 
motivation, and learning of educational content (e.g., Beege et al., 2020; Mayer, 2014; 
Mayer et al., 2003). 

Despite possible benefits of displaying a teacher’s gaze cursor in instructional 
videos, learners may have difficulties making sense of the gaze display. This is because 
human gaze is usually rapidly and continuously moving, and its visualization may 
therefore contain ‘noisy’ information that is difficult to follow. The main advantage that 
the mouse pointer offers a gaze cursor might be that it can easily rest at one location 
until the teacher intentionally decides to change its position in the video (Gallagher-
Mitchell et al., 2018). Then, the teacher can move it more consciously and voluntarily 
than their eye movements (Stein & Brennan, 2004). Consequently, the mouse cursor 
likely only points at the most relevant information that the teacher want to highlight 
and contains less noise than the gaze cursor. One drawback, however, could be that 
directing the mouse cursor, as opposed to displaying a gaze cursor, typically requires 
attention resources from the teacher. In some cases, the teacher may simply forget to 
actively point to the relevant task elements while lecturing, which should make the 
mouse cursor display less informative for learners. In other cases, expert teachers may 
lack the insight into the knowledge state of novices, which could make it difficult for 
teachers to decide when novice learners need additional attention guidance with the 
mouse cursor.

While both the gaze and mouse cursor could serve as visual cues in lecture videos, 
we argued that they might have different advantages and disadvantages for video 
learning. To our knowledge, no study has as yet directly compared the gaze and mouse 
cursor as tools for attention guidance in authentic lecture videos that also include a 
teacher’s verbalizations. Instead, previous studies have compared the mouse and gaze 
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cursor in videos that display another person’s problem-solving behavior without didactic 
verbalizations (Gallagher-Mitchell et al., 2018). Other studies investigated the effects 
of sharing the gaze or mouse cursor information to improve remote teamwork and 
collaboration. Velichkovsky (1995) presented a first attempt to mediate cooperation 
(i.e., a puzzle task) with displays of a partner’s gaze or mouse cursor. Both methods 
improved participants’ performance compared to the condition with purely verbal 
communication. Similarly, Müller et al. (2013) found that displaying both the gaze 
and mouse cursor improved performance over verbal explanations during a cooperative 
puzzle task. However, the mouse cursor facilitated communication more than the gaze 
cursor (cf. Akkil & Isokoski, 2018; Müller et al., 2013). Finally, Gupta et al. (2016) 
showed comparable benefits of both tools for improving remote collaboration tasks (e.g., 
quality of communication and collaboration). Visualizing the gaze cursor additionally 
improved task enjoyment but using a combination of both tools was rated as the best 
in most of the aspects of user experience during collaboration. These empirical findings 
show that displays of the gaze cursor, mouse cursor, or both, can improve performance 
and communication in collaborative tasks. 

In the context of EMME research, it is still an open question whether showing the 
gaze cursor provides an actual advantage for learning over the mouse cursor in authentic 
lecture videos (Emhardt, Kok, et al., 2020; Špakov et al., 2016; Stein & Brennan, 
2004). An open question is also if and how displaying the combination of both tools 
in one video affects learning. On the one hand, displaying the gaze and mouse cursor 
simultaneously should provide rich information to learners. On the other hand, it might 
require a substantial amount of effort for learners to select the relevant information out of 
all highlighted information. When the positions of the gaze cursor and the mouse cursor 
differ in location, learners might have to split their attention, which could additionally 
hamper learning (Ayres & Sweller, 2014; cf. redundancy principle Kalyuga & Sweller, 
2014). Since these are, however, only theoretical considerations, it is important to test 
these assumptions in practice and disentangle the effects of different cueing tools (as well 
as their combinations) on observers’ mental effort and learning.

Overview of the Present Study
This study aimed to compare if and how displaying a superimposed gaze vs. mouse 
cursor in a lecture video would affect learners’ mental effort during video study and 
their learning outcomes. Participants studied a pre-recorded introductory lecture video 
that contained a lecture slide show with the teacher’s voiceover explaining how to model 
(business) processes with Business Process Model And Notation (BPMN, https://
www.omg.org/spec/BPMN/2.0/; Freund & Rücker, 2019). BPMN is a standardized 
way to model such processes as graph-based diagrams. Previous research has shown 
that highlighting components of business process models with visual cues can support 
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model understanding (Petrusel et al., 2016). Furthermore, a recent EMME study 
found first promising effects of displaying a domain expert’s gaze cursor on fostering 
novices’ comprehension of process models that were created with BPMN (Winter et 
al., 2021). The video in the control condition of our study showed the introductory 
lecture on BPMN with the expert teacher’s didactic explanations as voice-over. In the 
experimental conditions, the video additionally displayed the teacher’s mouse cursor, 
gaze cursor or both tools together as superimposed tools for attention guidance. The 
teacher himself was not visible in any of the videos and the videos were identical except 
for the superimposed visualization of the gaze and/or mouse cursor.

Based on theoretical considerations of the cuieng principle and multimedia learning 
that were presented above (De Koning et al., 2009; Mayer, 2005; Van Gog, 2014), we 
formulated the following three hypotheses (H1 - H3): We expected that displaying a 
visual cue (i.e., mouse cursor or gaze cursor) would decrease participants’ mental effort 
while studying the video (H1), increase participants’ recall test performance (H2), and 
increase participants’ transfer-test performance (H3). We did not make any predictions 
about whether the gaze or mouse cursor would be more beneficial for learning, as we 
argue that both tools have potential advantages and disadvantages for learning (see 
section ‘Comparing the gaze and mouse cursor as cues for attention guidance‘). In 
addition, we explored possible interaction effects of displaying a combination of the 
gaze and mouse cursor on obervers’ perceived mental effort and learning outcomes. 
On the one hand, videos that show the mouse and gaze cursor together provide the 
most information for learners, which could ease understanding and support learning. 
On the other hand, it is also conceivable that the two cursors are redundant when 
highlighting the same information (Kalyuga & Sweller, 2014) or induce split-attention 
when highlighting different information, which could increase learners’ mental effort 
during video study and hamper learning (Ayres & Sweller, 2014). 

In the context of H2 and H3, we also explore whether there would be differences in 
participants’ invested mental effort while solving the items of the recall and transfer test. 
Reporting both participants’ performance and their invested mental effort during task 
performance can reveal valuable additional information about the quality of learning 
outcomes with the different video formats (Van Gog & Paas, 2008). It is, for instance, 
possible that there are no significant performance differences across conditions, but 
students in one condition attained that level of performance with less mental effort 
investment on the post-test. In this case, the video format of that condition is more 
desirable to implement in practice, because it seems to facilitate task performance. 

To gain a more complete understanding of participants’ learning experiences with 
the different video formats, we also explored participants’ ease of following the teacher’s 
video explanations and their opinions on seeing the gaze cursor.
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Methods

Participants and Design
Participants were recruited through the online platform Prolific (www.prolific.co). Only 
students with a high fluency in English and a previous study completion rate of more 
than 97% received a link via Prolific to participate in this study. We excluded six of 
the initial 131 participants, because they did not seem to pay enough attention when 
participating in the study (i.e., they answered two attention check items incorrectly). 
The final sample consisted of 124 participants (Mage = 22.26 years, SDage = 3.68; 48 
females, 76 male, 10 with basic experience in working with process models). Power 
calculation with G*Power (version 3.1.9.6, Faul et al., 2007) revealed that with this 
remaining sample size, we would be able to detect medium effect sizes of η2 = .06 with a 
power of .79. Comparable effect sizes were observed in the study of Gallagher-Mitchell 
et al. (2018) that compared the effects of displaying the gaze and mouse cursor in silent 
EMME videos on observers’ task performance.

Participants were randomly assigned to one of four study conditions of the 2 
(mouse cursor absent vs. present) x 2 (gaze cursor absent vs. present) between-subjects 
design. Thus, participants studied the lecture video with only a gaze cursor (n = 
31), only a mouse cursor (n = 31), both the gaze and the mouse cursor (n = 31), or 
without any cursors (n = 31). Participants received a payment of 6.40 British Pounds as 
compensation.

Materials

Video Materials and Creation
A male professor of business economics from a German university of applied sciences 
recorded the instructional videos in English. We captured the teacher’s screen, eye 
movements, mouse cursor, and verbal explanations while he introduced the basic 
components of BPMN. The lecture content was based on authentic lecture materials 
of an introductory lecture on BPMN and was presented on eight main PowerPoint 
slides. One of these slides presented animated content (a moving dot). In the video, the 
teacher controlled the pace at which the slides were presented according to his verbal 
explanations. The slides in the video contained highly visual content (i.e., BPMN models 
consisting only of pictorial BPMN symbols), increased in model complexity as slides 
progressed, and contained few textual elements and explanations. Since the learners 
were BPMN novices, they had little to no prior knowledge about the meaning or names 
of these symbols. Therefore, we assumed that learners could only follow the video and 
learn the correct names and purpose of all elements only if they knew which of the 
competing BPMN symbols the teacher was referring to while watching the video. The 
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gaze and mouse cursor would be expected to help disambiguate the teacher’s references 
by pointing at the referred model elements (Van Marlen et al., 2018). Appendix I 
contains all lecture slides that were presented in the video for more information about the 
design of the slides. We recorded the teacher’s verbal explanations with the microphone 
embedded in an external Logitech Webcam PRO 9000 and captured his mouse cursor 
movements while presenting the lecture content with a custom Matlab (Mathworks, 
2015, version 2015b) script using PsychToolbox (Brainard & Vision, 1997; Pelli & 
Vision, 1997). At the same time, the teacher’s eye movements were recorded binocularly 
at 250Hz with a SMI RED250 infrared eye tracker (SensoMotoric Instruments GmbH, 
Teltow, Germany) without a forehead rest. The dynamic gaze cursor visualizations were 
generated with SMI BeGaze (Version 3.7; SensoMotoric Instruments). Visualizations of 
the recorded mouse cursor movements were superimposed onto the pre-recorded videos 
using a custom Matlab script. All fixations of more than 100 ms were visualized as single 
yellow, translucent, moving dot with a constant size of 27 px in diameter moving on the 
original material. No other methods were used to alter the gaze display (e.g., no slowing 
down of the gaze display or adding of connection lines between consecutive fixations). 
Figure 5.1 shows an example screenshot of the video recording in the condition with 
gaze cursor and mouse cursor. 

Figure 5.1
Screenshot of the Video in the Condition With Both a Superimposed Mouse Cursor (Computer Mouse 
Visualization as Arrow) And Gaze Cursor (Eye Movement Visualization as a Yellow, Translucent Dot)

Note. The videos in the other three conditions were identical except for the presence or absence of these 
gaze and mouse cursor.
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The teacher (one of the co-authors of this study) was informed that his screen actions 
(i.e., presentation slides and mouse cursor location) and eye movements were recorded 
and would later be shown to novice learners in some, yet not all, of our study conditions. 
We also asked the instructor to behave in a didactic manner while presenting these slides 
to a novice audience by keeping the following quality criteria in mind (Emhardt, Kok, et 
al., 2020; Jarodzka et al., 2012; Jarodzka et al., 2013; Jucks et al., 2007):

1. It is important that the audience knows what all terms mean. 
2. All terms are explained in comprehensible terms.
3. All terms are explained in enough detail.
4. All information that the audience needs is included in the video.
5. All information mentioned in the video is important for the audience.

After the video recording, the experimenter and the teacher discussed the quality of the 
didactic video based on these quality criteria. If a video did not meet all criteria, it was 
re-recorded. The selected video for the main study had a duration of 18.24 minutes. 
The video, which included both the gaze and the mouse cursor display, can be found 
at https://www.youtube.com/watch?v=iqU_BxtKP80. This recording provides detailed 
information about how the teacher used both tools. For example, it shows how the 
position of the gaze pointer occasionally overlapped with the mouse cursor, but moved 
faster and more frequently to different video elements.

Prior Knowledge, Recall and Transfer Test
The materials for the prior-knowledge test and the recall and transfer post-tests were 
created in collaboration with a domain expert who also presented the lecture video. 
The prior-knowledge test and the recall test consisted of the same list of 11 names 
of common BPMN elements that had to be matched to their symbols. Participants 
received one point for each correct match and could thus score a maximum of 11 
points. The recall test aimed to evaluate the direct learning gain in comparison to the 
prior knowledge test by assessing whether learners were able to recall the names of the 
BPMN symbols after watching the video. We assumed that learners would perform 
better in the conditions with the gaze and mouse cursor, because they served as pointing 
devices to the referred objects in the video and could therefore disambiguate the verbal 
utterances of the teacher. Appendix J contains all items of the prior knowledge and 
recall test. The transfer test consisted of questions on nine processes models that were 
not introduced in the video before. The transfer test assessed whether participants had 
acquired a deeper and correct understanding of the individual BPMN elements, beyond 
naming the individual symbols. For instance, learners had to answer multiple-choice 
questions about what function a particular BPMN element has in the model or where 
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the element should be inserted. In total, participants had to write down all possible 
process traces for three of these models, find and correct errors in two process models, 
and answer multiple-choice questions on three models. Additionally, participants had 
to insert the right BPMN symbols in one model themselves. In total, participants could 
receive a maximum of 18 points on the transfer test. Appendix K contains all items of 
the transfer test.

Subjective Ratings
Participants were asked to rate how much mental effort they invested in studying the 
lecture video and solving the post-test items, on a nine-point subjective rating scale 
ranging from 1 (very, very low mental effort) to 9 (very, very high mental effort; Paas, 
1992). After studying the video, participants were asked to indicate how often it was clear 
to them what the teacher was referring to in the video on a scale from 1 (never clear) to 9 
(always clear). In all conditions with a gaze cursor display, participants were furthermore 
asked about their opinion on the EMME format (i.e., ‘What is your opinion on seeing 
the teacher’s eye movements in the learning video? Please explain your answer briefly’). 

Attention Check Items 
We included two items to test whether participants paid attention to the content of this 
study. Among the question about participants’ demographic and personal background, 
we placed the first attention check item: ‘When asked for your favorite school subject 
you must enter the word ‘attention’ in the text box below to show us that you are paying 
attention to our instructions. Based on the text you read above, what word have you been 
asked to enter as favorite school subject?’. The second attention check item was asked 
after participants had studied the instructional video. This item was formulated as follows: 
‘What voice did you hear in the video that you watched in this study? Select ‘I did not 
hear a voice’ as answer to this question so that we know you are still paying attention’. 
Participants could subsequently select one of the following multiple-choice options: ‘male’, 
‘female’, ‘I don’t know’, or ‘I did not hear a voice’. The format of the two attention check 
items was approved by prolific.co as being fair, meaning that data from participants (N = 
6) who answered both items incorrectly was immediately discarded. Like this, data from 
new participants could directly be collected to compensate the dropout.

Procedure
When signing up for the study via Prolific (www.prolific.co), participants received a 
Limesurvey link (www.limesurvey.org, version 3.17.0) to the online study. After giving 
informed consent, participants answered demographic questions on their age, sex, 
native language, and highest level of education. In addition, they indicated their years of 
experience with process models in general and BPMN in particular. Then, participants 
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were asked to perform the prior knowledge test by naming 11 common BPMN symbols. 
Subsequently, participants watched the lecture video on how to model process using the 
BPMN notation according to their assigned condition (i.e., video with or without the 
mouse cursor and with or without the gaze cursor). After studying the video, participants 
rated how much mental effort they invested in studying the video and how often it was 
clear to them to what the teacher was referring to in the video. In the conditions in 
which the gaze cursor was present, participants additionally gave their opinion on seeing 
the teacher’s eye movements in the video. In the post-test phase, participants first solved 
the recall test and indicated how much mental effort they invested in completing this 
task. Finally, they performed the transfer post-test, rating how much mental effort they 
invested in solving each item on this test. On average, the experiment took about 45 
minutes to complete.

Data Analysis 
The raw data was prepared and visualized with R (R Core Team, version 4.0.3). The 
subsequent analyses were performed with JASP (JASP Team, 2020, version 0.14.1) with 
a significance level of ɑ = .05. The main analysis consisted of 2 (mouse cursor: absent vs. 
present) x 2 (gaze cursor: absent vs. present) ANCOVAs on the outcome variables, which 
take participants’ scores in the prior knowledge test as continuous covariate into account. 
We used QQ plots (theoretical quantiles vs. standardized residuals) to confirm that the 
model residuals were approximately normally distributed for all models. Furthermore, 
we performed Levene’s tests to check for equality of variances. Only for the mental effort 
ratings of the recall test did the Levene’s test indicate unequal variances; F(3, 120) = 
3.27, p = .024. However, we consider this deviation acceptable, because ANCOVAs are 
relatively robust to violations of the assumption of equality of variances, especially when 
group sizes are equal (e.g., Blanca et al., 2018). Eta-squared specified the effect sizes of 
the main analysis with η2 = .01, η2 = .06, η2 = .14 indicating small, medium, and large 
effects respectively (Cohen, 1988). 

In addition, we coded participants’ responses to the open-ended question regarding 
their opinion on seeing the teacher’s eye movements in the conditions with gaze cursor 
to perform a small-scale, exploratory qualitative analysis. All but one participant in the 
conditions with gaze cursor responded to this question and were therefore included in 
the analysis (N = 61). First, an overall valence score (i.e., positive, negative, or neutral) 
was assigned to participants’ responses. A participant’s response was coded as -1 when 
it contained only negative evaluations about the video format; as 0 when it contained 
either a neutral response or both positive and negative evaluations; and as 1 when it 
contained only positive evaluations about the video format. Furthermore, the qualitative 
data was analyzed on a more fine-grained level to identify themes in their responses 
using an exploratory, open-coding approach (Holton, 2007; Ryan & Bernard, 2000). 
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First, participants’ responses were split into meaningful units and labelled based on their 
content (Khandkar, 2009). Four responses that did not directly answer the question 
on the video format (e.g., “I think that BPMN is a great notation”) were excluded 
from this analysis. Then, the units were sorted into meaningful categories. In the results 
section, we report an analysis of whether the valence scores of participants’ opinion on 
seeing the gaze cursor display differed as a function of whether they additionally saw the 
mouse cursor or not (independent samples Mann-Whitney U test with a Rank-Biserial 
Correlation as measure of effect size). In addition, we report the content of all categories 
and how many responses each category contained. The anonymized dataset that was 
used for the main analysis is available on the Data Archiving and Networked Services 
(Emhardt, 2021). 
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Results

Table 5.1 displays the means and standard deviations of all variables that were analyzed 
in the following results section. 

Table 5.1
Means and Standard Deviations (SD) Of Participants’ Scores in the Prior Knowledge, Recall, and 
Transfer Tests, and of Participants’ Learning Gain, Mental Effort Ratings, Perceived Ease of Following 
the Teacher, and the Valence of Their Response to the Gaze Cursor Display

 
 

Gaze absent Gaze present
Mouse 
absent
(N = 31)

Mouse 
present
(N = 31)

Mouse 
absent
(N = 31)

Mouse 
present
(N = 31)

Score prior knowledge test from 0 to 11 
points

1.45 (2.29) 1.29 (2.37) 1.29 (2.24) 1.19 (2.06)

Score recall test from 0 to 11 points 8.10 (1.96) 7.94 (2.85) 8.32 (2.47) 8.10 (2.53)
Score transfer test from 0 to 18 points 8.58 (3.38) 8.05 (3.85) 7.89 (4.10) 8.55 (4.14)
Score direct learning gains from 0 to 11 
points

6.65 (2.50) 6.65 (3.19) 7.03 (3.08) 6.90 (3.25)

Mental effort while watching the video on 
a Likert scale from 1 to 9

6.68 (1.68) 6.68 (1.68) 6.87 (1.50) 6.97 (1.60)

Mental effort during the recall test on a 
Likert scale from 1 to 9

7.42 (1.71) 7.00 (2.07) 7.36 (1.45) 7.42 (0.96)

Average mental effort during the transfer 
test on a Likert scale from 1 to 9

6.63 (1.42) 6.59 (1.73) 7.13 (1.44) 6.95 (1.12)

Perceived ease of following the teacher on 
a Likert scale from 1 to 9

6.74 (2.14) 7.29 (1.66) 7.84 (1.29) 7.74 (1.34)

Valence of the response to seeing the gaze 
cursor from -1 (negative) to 1 (positive)

-- -- 0.57 (0.72) 0.10 (0.94)

An ANOVA indicated that prior knowledge test scores did not differ across conditions, 
F(3,120) = 0.07, p = .976, η2 = 0.002. In addition, an exploratory measure of direct 
learning gain was calculated by subtracting participants’ prior knowledge test scores from 
their recall test scores. This learning gain did not differ between conditions, F(3,120) 
= 0.13, p = .944, η2 = 0.003 (detailed values per condition can be found in Table 5.1).

Mental Effort While Studying the Video
Our first hypothesis stated that displaying the mouse cursor or gaze cursor would 
decrease participants’ mental effort while watching the video (i.e., we expected main 
effects of mouse and gaze cursor). In addition, we were interested in exploring whether 
displaying both types of cursor simultaneously in the video would affect mental effort 
investment (which would be evidenced by an interaction effect). However, there was no 
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main effect of displaying the mouse cursor, F(1) = 0.02, p = .888, η2 = .0002, or the gaze 
cursor, F(1) = 0.65, p = .422, η2 = .005, nor was there an interaction effect, F(1) = 0.03,  
p = .863, η2 = .0002 on the amount of mental effort participants reported to have invested 
in studying the lecture video. The left graph of Figure 5.2 visualizes these results. 

Recall Test Performance and Invested Mental Effort
Our second hypothesis stated that displaying the mouse cursor or displaying the gaze 
cursor would increase participants’ recall test performance (i.e., we expected main effects 
of mouse and gaze cursor). In addition, we aimed to explore whether displaying both 
types of cursor simultaneously would affect participants’ recall performance (which 
would be evidenced by an interaction effect). However, there was no main effect 
of displaying the mouse cursor, F(1) = 0.15, p = .703, η2 = .001, or the gaze cursor;  
F(1) = 0.25, p = .618, η2 = .002, nor was there an interaction effect, F(1) = 0.01,  
p = .930, η2 = .00006, on participants’ recall test performance. The middle graph of 
Figure 5.2 visualizes these results. 
Regarding the explorative analysis of partipants’ mental effort investment during 
the recall test, there were no significant main effects of displaying the mouse cursor,  
F(1) = 0.44, p = .509, η2 = .004, or gaze cursor, F(1) = 0.34, p = .564, η2 = .003, nor a 
significant interaction effect, F(1) = 0.74, p = .393, η2 = .006.

Transfer Test Performance and Invested Mental Effort 
Our third hypothesis stated that displaying the mouse cursor or displaying the gaze 
cursor would increase participants’ transfer test performance (i.e., we expected main 
effects of mouse and gaze cursor). In addition, we explored whether displaying both 
types of cursor simultaneously would affect participants’ transfer test performance 
(which would be evidenced by an interaction effect). However, we found no main effect 
of displaying the mouse cursor, F(1) = 0.008, p = .930, η2 = .00006, or the gaze cursor; 
F(1) = 0.02, p = .887, η2 = .0002, nor did we find an interaction effect, F(1) = 0.73,  
p = .395, η2 = .006 on participants’ transfer test performance. The right graph of Figure 
5.2 visualizes these results. 
Regarding the explorative analysis of partipants’ mental effort investment during the 
transfer test, there were no significant main effects of displaying the mouse cursor,  
F(1) = 0.23, p = .632, η2 = .002, or gaze cursor, F(1) = 2.64, p = .107, η2 = .021, nor a 
significant interaction effect, F(1) = 0.06, p = .801, η2 = .0005. 
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Figure 5.2
Figures of the Main Results Regarding H1 (Left), H2 (Middle), and H3 (Right)
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Note. The graphs show the effects of displaying the gaze cursor and mouse cursor (main and interaction 
effects) on participants’ mental effort while watching the video (left), recall test performance (center), and 
transfer test performance (right). The error bars represent the 95% confidence intervals.

Opinions on Ease of Following the Teacher and on the Display of the Gaze 
Cursor
We explored whether the display of gaze and mouse cursors affected how easy partipants 
felt it was to follow the teacher in the video (i.e., how clear it was to them what the 
teacher was talking about). There was no significant main effect of displaying the mouse 
cursor, F(1) = 0.62, p = .432, η2 = .005. However, there was a significant main effect 
of displaying the gaze cursor F(1) = 0.99, p = .009, η2 = .054. There was no significant 
interaction effect, F(1) = 1.20, p = .275, η2 = .009. The main effect of displaying the gaze 
cursor signified that participants who studied videos with gaze cursor found it easier to 
follow the teacher than participants who studied videos without gaze cursor. The left 
graph of Figure 5.3 visualizes this result.

Figure 5.3
Effect of Displaying the Gaze Cursor and Mouse Cursor on Participants’ Perceived Ease to Follow the Teacher in 
the Video (Left) And the Average Valence of Participants’ Responses to the Gaze Cursor Display in the Two Mouse-
Cursor Conditions (Right) 
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Participants in the gaze cursor conditions were additionally asked to report their 
opinion on seeing the teacher’s gaze cursor while watching the video. The valence of 
their responses was, overall, positive, with an average score of M = 0.33 (SD = 0.87). 
An independent-samples Mann-Whitney U test showed that participants’ evaluation of 
the video format was significantly more positive when the video did not additionally 
include a mouse cursor than when it did include it (i.e., gaze cursor only > gaze and 
mouse cursor), W = 587.50, p = .045, Rank-Biserial Correlation = 0.263. The right 
graph of Figure 5.3 visualizes this result.

Table 5.2 shows the results of the qualitative analysis of participants’ responses to 
the videos with gaze cursor on a more fine-grained level. It describes the content of all 
identified categories and how many response units (units) fell into each of these categories.

Table 5.2
Categories of Participants’ Responses to the Question on Their Opinion About Seeing the Gaze Cursor in the Video 
(81 Answer Units From N = 61 Participants)
Category Category description Valence Count 

of units
Distracting Participants perceived the gaze cursor as annoying, 

distracting, or confusing
negative 8

Difficult to follow Participants indicated that it was difficult to follow the 
gaze cursor, for instance due to many fast movements

negative 7

Less effective than 
mouse cursor

Participants indicated that they preferred the mouse cursor 
over the gaze cursor

negative 6

Fixated location 
not helpful

Participants stated that seeing the fixated location was 
not helpful, for instance because the teacher was not only 
looking at what he was referring to

negative 3

General negative 
evaluation

Participants stated that they disliked the format without 
providing specific reasons

negative 2

Reduces 
independence

One participant stated that they preferred to look things 
up more independently

negative 1

As effective as 
mouse cursor

Participants compared the effectiveness of the gaze cursor 
with that of the mouse cursor

neutral 2

Understanding the 
teacher 

Participants stated that seeing the gaze cursor made the 
teacher’s processes and explanations more understandable

positive 21

General positive 
evaluation

Participants stated that they liked the format without 
providing specific reasons

positive 13

Attention guidance 
helpful

Participants felt that the gaze cursor guided their attention 
to the relevant elements

positive 11

Increased attention Participants stated that they paid more attention to the 
video and were more concentrated due to the gaze cursor

positive 2

Positive feeling 
when watching the 
gaze cursor

One participant indicated that the gaze cursor was 
“comfortable and pleasant to watch”

positive 1

Note. The values in the last column indicate how often participants’ answers units fell into a category with 
positive or negative valence.
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As for the disadvantages of the gaze cursor, participants most frequently stated 
that the gaze cursor was distracting (8 units), difficult to follow (7 units), and perceived 
as less effective than the mouse cursor (6 units). Other disadvantages related to the 
perception that the locations of the gaze cursor were not helpful (3) and that the gaze 
cursor reduced participants’ independence (1 unit). Two participants stated that they 
disliked the gaze cursor without further specification. 

The advantages of the gaze cursor were seen mainly in a better understanding 
of the teacher (21 units) and that it guided learners’ attention to the relevant video 
elements (11 units). Further advantages mentioned, were that participants felt more 
concentrated due to the presence of the gaze cursor (2 units) and that they experienced a 
positive feeling when watching the gaze cursor (1 unit). Thirteen participants stated that 
they liked the format without providing specific reasons. Finally, two participants stated 
that they felt the gaze cursor was equally effective as the mouse cursor.

Discussion

This study compared the effects of displaying the gaze cursor and mouse cursor as visual 
cues for attention guidance in lecture videos. Participants watched a lecture video on 
how to model business processes using the BPMN notation (Freund & Rücker, 2019) 
that contained no attention guidance, or displayed the teacher’s gaze cursor, mouse 
cursor, or both types of cursor. We expected that attention guidance, by means of either 
type of cursor, would reduce the amount of mental effort learners would have to invest 
in studying the video and foster learning outcomes (cf. literature on the cueing effect 
in multimedia learning, e.g., De Koning et al., 2009; Van Gog, 2014). In addition, we 
explored whether displaying a combination of the gaze and mouse cursor would have 
additive effects (as signified by an interaction effect), whether the presence of gaze and 
mouse cursors in the lecture video affected participants’ mental effort during posttest 
performance, and whether it affected how easy they felt it was to follow the teacher. 

Unexpectedly, we did not find any significant main or interaction effects of 
displaying the gaze and mouse cursor on participants’ mental effort ratings or their post-
test (recall and transfer test) performance. Thus, we did not find evidence in favor of our 
hypothesis in this experiment. However, the self-report data revealed that participants 
who studied videos that showed the gaze cursor, found it easier to follow the teacher 
than participants who studied videos without a gaze cursor. Moreover, participants who 
studied videos with the gaze cursor were, overall, positive about this video format, but 
their responses were more positive when the videos did not additionally display the 
mouse cursor. This is possibly because videos that show a mouse cursor already provide 
sufficient attention guidance, which could cause participants to perceive the additional 
gaze cursor as less beneficial. 
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A substantial amount of prior research on EMME has found beneficial effects of 
displaying the teachers’ gaze cursor to students. In these studies, the gaze cursor fostered 
attention guidance (e.g., Jarodzka et al., 2012; Van Marlen et al., 2018) and learning 
with video modeling examples (i.e., ‘how-to’ videos) (e.g., Bednarik et al., 2018; Krebs et 
al., 2019; Litchfield et al., 2010; Mason et al., 2015; Mason et al., 2017). The beneficial 
effects of EMME were more recently also observed for the comprehension of process 
models using the BPMN notation (Winter et al., 2021). A relevant question is why 
displaying the gaze (and/or mouse) cursor did not affect learning from video lectures in 
the present study. In the next section, we discuss specific aspects of the present study that 
might have influenced our results.

Possible Reasons Why Cues for Attention Guidance Did Not Affect Mental 
Effort or Learning Outcomes
The unexpected finding that displaying the teacher’s gaze and mouse cursor did not 
affect participants’ mental effort ratings and learning outcomes could be due to several 
factors that possibly limit the generalization of our results. One explanation for this 
finding could stem from the video format in this study. Previous studies on the effects 
of displaying the teacher’s gaze cursor during task performance in video modeling 
examples (EMME) did not focus on the teacher’s presentation of didactically prepared 
lecture slides. Instead, they typically showed a teacher engaged in a task, with the aim of 
demonstrating to learners how to perform this task (e.g., Bednarik et al., 2018; Jarodzka 
et al., 2012; Jarodzka et al., 2013; Mason et al., 2015, 2016; Mason et al., 2017; Van 
Marlen et al., 2016, 2018; Winter et al., 2021). Similarly, the study of Gallagher-Mitchell 
et al. (2018) found comparable beneficial effects of both displaying another person’s 
gaze cursor and displaying the mouse cursor during task performance on learners’ later 
performance. Finally, a recent study found that visualizing the teacher’s gaze during the 
interpretation of process models with BPMN fostered novices’ model comprehension 
(Winter et al., 2021). 

At first glance, these findings seem to contradict our results that displaying the 
gaze (and/or the mouse) cursor in a lecture video on how to model processes using 
the BPMN notation does not foster novices’ learning. One possible explanation for 
our results might be that the gaze cursor serves a different purpose in videos that show 
another person’s task performance (video modeling examples) and videos with a lecture 
format (lecture videos). In videos of both formats, the gaze cursor can be considered a 
visual cue to guide the learners’ attention and hence establish joint attention and foster 
information selection (e.g., De Koning et al., 2009; Van Gog, 2014). However, the gaze 
cursor in video modeling examples can, in addition to guiding attention, serve another 
purpose: Due to the link between a task performer’s cognitive processes and visual 
attention allocation (Just & Carpenter, 1980) the gaze cursor can help novice learners to 
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gain additional insights into the model’s visual and cognitive task performance strategies 
(e.g., Krebs et al., 2019; Scheiter et al., 2018). Videos that show a teacher’s gaze cursor 
during task performance (e.g., EMME that show a model’s problem-solving behavior) 
can thus reveal perceptual processing strategies that are not necessarily verbalized, and 
that learners could later adopt in their own performance. In our lecture videos, that 
was not the case, as the gaze cursor did not show naturally occurring task behavior but 
accompanied a didactic explanation.

Indeed, the learners in our study reported that they felt the eye gaze cursor 
helped them follow the teacher, even though it did not actually improve their learning 
outcomes. To support this claim, it would be interesting to record participants’ eye 
movements while they watched the lecture video in future research. Due to the 
COVID-19 pandemic, collecting such gaze measures was not possible in our study, 
but doing so in future research could provide an indication of whether participants 
followed the teacher’s explanations in the conditions with gaze cursor more closely. In 
addition, gaze data (e.g.,  pupil diameter, amount of saccades, blinks, fixation durations) 
could provide a more objective, continuous measure of cognitive load than mere self-
reports (e.g., Krejtz et al., 2018; Perkhofer & Lehner, 2019; Zagermann et al., 2018). In 
conclusion, the gaze cursor may serve different purposes depending on the video format 
(here lecture videos and video modeling examples), which could explain the seemingly 
contradictory results between our study and previous EMME studies. 

Another possible reason why we did not find the expected positive effects of 
displaying the gaze and mouse pointer could be that the perceptual demands of the 
task explained in the video were lower than we had originally expected. We assumed 
that the novice learners would experience difficulties in selecting the correct BPMN 
symbols due to a high visual complexity. This complexity was due to a large number of 
competing BPMN symbols on each slide. Nevertheless, it is possible that the materials 
were visually not complex enough and that the teacher’s verbal explanations were 
sufficient to guide the learners to the correct elements. In fact, the teacher in the video 
was highly experienced in giving BPMN lectures. The content of the video was based on 
these lectures and the slides built on each other by gradually introducing more and more 
BPMN elements. This didactically strong material design might have made it possible 
for learners to follow the video in all conditions, also in those without a gaze and mouse 
cursor display. Future research should establish if gaze and mouse cursor guidance do 
affect learning when tasks are more visually complex and verbal explanations are more 
ambiguous.

Taking these considerations into account, we can assume that the design of 
instructional videos can affect the effectiveness a gaze or mouse cursor display in general. 
These tools could, for instance, be more helpful for learning with videos on visually 
complex content. In previous studies, the gaze cursor effectively fostered task performance 
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of complex visual tasks such as the interpretation of fish locomotion patterns (Jarodzka 
et al., 2013), medical diagnostics (Litchfield et al., 2010), or complex BPMN models 
(Winter et al., 2021). Furthermore, displaying the gaze and mouse cursor may be more 
beneficial when the videos do not contain additional verbal explanations (Van Gog et al., 
2009). It is likely that the added value of the gaze and mouse cursor to guide attention 
is higher in lecture videos with less didactic guidance though verbal explanations of an 
experienced teacher. In order to investigate this issue, future studies could perform an 
analysis of how the task demands (e.g., based on expert opinions and gaze patterns) 
affect the effectiveness of different tools for attention guidance.

Finally, another possible reason why we did not find beneficial effects of displaying 
the teacher’s gaze and mouse cursor could be due to specific participant characteristics. 
Our study was conducted via an online platform with a heterogeneous, international 
participant population. We specifically asked participants to only participate if they had 
no experience with BPMN. However, it is possible that they had experience with other, 
similar process flow visualizations. Since participants had a variety of backgrounds, it is 
likely that some participants were not complete novices to this topic, which might have 
made our video less effective overall. In contrast to our study, most previous EMME 
studies collected data from samples that were more homogeneous. Furthermore, they 
were conducted in more controlled and supervised settings such as laboratories or 
classrooms. These settings could also evoke stronger participant commitment and thus 
lead to stronger effects of the manipulations. While the heterogeneity of our sample can 
also be regarded as a strength of the present study, it may be responsible for a higher 
variance in the observed data. 

Implications for Practitioners and Future Research
This study represents a first step in gaining insights into the effects of using different 
tools for attention guidance in instructional videos (i.e., lecture videos). The finding that 
displaying the gaze and/or the mouse cursor neither harmed nor enhanced participants’ 
learning outcomes implies that educational practitioners who create lecture videos have 
some freedom to select different tools for attention guidance. One benefit of the gaze 
cursor was that the learners felt it helped them better follow the teacher’s explanations 
in lecture videos. This is in line with previous eye tracking studies that confirmed that 
the gaze cursor guides learners’ attention (e.g., Jarodzka et al., 2012; Van Marlen et al., 
2018). Qualitative analysis confirmed that participants responded overall positively to 
the gaze cursor, but even more so when the videos did not display the mouse cursor. 
Sometimes, using a mouse cursor is not convenient or even possible, for instance when 
the teacher demonstrates a manual task with the dominant or both hands. Especially 
in such situations, practitioners could use the gaze cursor as valuable tool for attention 
guidance in instructional videos. In this context, it would also be interesting to compare 
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teachers’ experiences when creating videos with the gaze or mouse cursor for their own 
educational practices. As discussed earlier, it is conceivable that, despite initial technical 
challenges, it may be easier and less effortful for them to create videos with a gaze cursor 
than with a mouse cursor. For practical applications, an open question also remains 
whether our results could be transferred to other educational situations, such as live 
lectures, in which a teacher’s eye movements are projected onto the wall of the lecture 
room (e.g., as suggested by Špakov et al., 2016). This investigation could be a valuable 
addition to the traditional EMME literature and would increase its applicability to a 
broader range of situations. The general, underlying assumptions about the benefits of 
gaze cursors do not change for this particular situation. In a live lecture, the teacher’s face 
with the exact line of sight is only visible to the students sitting closest to the teacher. 
Aside from looking at the audience, the teachers need to occasionally look at the content 
of their slides that is typically visible on a small screen in front of them. In this situation, 
learners can never exactly observe what the teacher is looking at. Unlike a video lecture, 
learners cannot control the pace of the lecture to follow the content (e.g., by pausing 
and repeating the video), nor can they zoom in on important elements. Streaming the 
teacher’s eye movements as soon as they gaze at the lecture slides could help learners to 
better follow and understand the lecture content. Furthermore, it could be convenient 
for the teachers, as they do not have to turn around to the projection at the wall to 
point at important slide elements. Finally, learners would also likely receive information 
about the teacher’s attentional focus more frequently than usual. How streaming the 
gaze cursor would work in practice and how it compares to other pointing devices in a 
lecture room (e.g., a stick) remains a topic for future research. As discussed in previous 
sections, the results of the present study also show the need for researchers to evaluate 
the gaze cursor as a visual cue in different types of instructional videos (e.g., videos 
that model task performance vs. lecture videos). In this context, future studies should 
take factors that are known to affect learning with EMME into account, such as the 
effectiveness of other types of visual cues (e.g., Jarodzka et al., 2012) or learners’ prior 
knowledge (e.g., Richter et al., 2016; Van Marlen et al., 2018). In the present study, 
cannot draw any conclusions about the effects of prior knowledge in this study, as only 
students with no or very limited prior knowledge participated (Mpretest score = 1.31 of 11 
points, SDpretest score = 2.22). 

Future studies could furthermore investigate how teachers make use of the gaze 
and mouse cursor when creating instructional videos, and how this affects learning. 
Previous studies have found that a person’s mouse cursor movements and their eye 
movements correlate substantially (Guo & Agichtein, 2010; Huang et al., 2012; Huang 
et al., 2011). However, the actual overlap of the two tools might vary greatly between 
people. Some teachers might only use the mouse infrequently, whereas others might use 
it to continuously guide the learners’ attention. The latter could reduce the benefit of 
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showing an additional gaze cursor display.
In our study, only one teacher’s video was used, without comparing this teacher’s 

use of gaze and mouse cursor with a reference group of other teachers. Thus, we do 
not know whether the mouse cursor was used relatively frequently and whether there 
was a relatively large overlap with the gaze cursor. We leave the exploration of the 
effects of different uses of the mouse cursor in combination with the gaze cursor on 
learning to future research and provided all videos of our study onhttps://youtube.com/
playlist?list=PLl09U8a-TDcv28n4gM2JyXCjPwGY_I_3Ll for detailed information.

In addition, future studies could compare other frequently used tools for attention 
guidance that may affect video learning. For instance, teachers may often not use a 
simple mouse cursor, but also other highlighting tools, pointing devices, or gesture cues 
for attention guidance (Ouwehand et al., 2015). In contrast to the gaze and mouse cursor 
that were constantly visible in the videos of the present study, teachers may use these tools 
more intermittently (e.g., by turning on and off a highlighted pointing tool). This could 
affect learning, because these tools might direct the learners’ attention more specifically 
to only the most relevant video elements. Future research could therefore investigate 
the potential benefits of using intermittently used highlighting tools over using the gaze 
cursor to foster learning. However, one disadvantage of these tools (in comparison to 
the gaze cursor) is that such tools would again require a teacher’s deliberate decisions 
on when novices need additional attention guidance in instructional videos. Domain 
experts in particular might often experience difficulties in estimating novices’ level of 
prior knowledge correctly (Hinds, 1999). Comparing the effects of using different cues 
to direct attention can ultimately help provide guidelines to educational practitioners on 
how to create effective instructional videos. 

Future studies could furthermore test the generalizability of the results of our 
study to natural behavior, by displaying the eye movements and screen activities of 
a teacher/expert who was entirely unaware that their gaze and mouse cursor location 
were recorded and would later be displayed in a video. In the present study, the teacher 
knew that his gaze and mouse cursor would later be shown to novice learners in some 
of the study conditions, which might have influenced his behavior. For instance, he 
might have, consciously or unconsciously, altered his gaze behavior during the video 
recording to make it more understandable for the novice audience (e.g., by performing 
extra-long fixations on relevant elements). Previous research found that experts do alter 
their gaze and mouse cursor behavior when creating EMME that aim to teach novices 
in a didactic manner (Emhardt, Kok, et al., 2020). Similarly, it is likely that the teacher 
in our video used the mouse pointer as a pointing device for the learners, which he 
might not have done had he not known that the recording would be shown to the 
learners. Finally, the knowledge that the gaze and mouse cursor were recorded could 
have ultimately also affected the teacher’s verbal behavior, for instance by using more 



Effects of Displaying the Teacher’s Gaze and Mouse Cursor on Students’ Learning

117

5

deictic references, such as ‘here’, ‘this’, or ‘there’ to refer to the locations that he was 
looking and pointing at (e.g., Bednarik et al., 2018; D’Angelo & Begel, 2017). While 
this creates a less authentic scenario and might therefore be less relevant for educational 
practice (i.e., instructional videos, including EMME, are typically recorded by teachers 
with their audience in mind), this type of basic research is important to understanding 
the mechanisms behind EMME. 

Finally, the qualitative data of the present study also provides insights that could 
serve as basis for future investigations in the context of EMME research and the design of 
EMME. We found that participants evaluated the EMME format overall positively. This 
was mainly because seeing the gaze cursor made the teacher’s processes and explanations 
more understandable (n = 21) and fostered attention guidance (n = 11). While the 
finding that the comments about the gaze cursor were mostly positive is promising, this 
result should be regarded with some caution. It is likely that many (if not all) learners in 
our study were exposed to a gaze cursor in an instructional video for the first time. Thus, 
it is possible that the positive ratings are partially a result of the gaze cursor’s perceived 
novelty (novelty effect, Clark, 1983). Novelty can, for example, increase the perceived 
usability of a new tool, regardless of its actual effectiveness (e.g., Jeno et al., 2019; Koch 
et al., 2018). However, such positive effects might diminish when learners become more 
accustomed to the technology (e.g., Merchant et al., 2014). Longitudinal studies on 
the effects of the gaze cursor are lacking to date but would be needed to determine its 
usefulness as a tool for attention guidance in actual educational practice. Furthermore, 
participants responses to the EMME format also revealed the gaze cursor was sometimes 
perceived as distracting (n = 8) and difficult to follow (n = 7). Smoothening the eye 
movement visualizations, for instance by only displaying longer fixations may have 
helped help learners to follow the EMME displays with less effort, as the gaze cursor 
display contains less (but presumably the most relevant) information. Only few studies 
have to date manipulated the characteristics of the gaze cursor displays systematically to 
explore such effects. These studies found effects of using different gaze display options 
on learning (e.g., a circle vs. spotlight visualization, Jarodzka et al., 2012) and on the 
interpretation of different gaze cursor displays (see Van Wermeskerken et al., 2018). 
Effects of other EMME design choices are conceivable but, to date, mostly unknown. 
For instance, consecutive fixation visualizations could be connected with trail lines 
(see e.g., Emhardt, van Wermeskerken, et al., 2020) to highlight the order of fixations 
and smoothen the gaze displays. This could make it easier for learners to follow the 
visualizations. Similarly, it is possible that mouse cursor displays could be enhanced, for 
instance by increasing the cursor’s saliency through highlights, a noticeable color, or an 
increased size. To conclude, such design choices could improve the effectiveness of the 
gaze and mouse cursor display, possibly resulting in more beneficial effects on observers’ 
mental effort and learning outcomes. However, to date, no study has performed a 
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systematic comparison of how to best visualize gaze information to optimize attention 
guidance and learning. Such investigations could ultimately lead to more evidence-
based design guidelines on how to create effective EMME.

General Conclusion

In conclusion, our study found that displaying the gaze and mouse cursor in lecture 
videos did not affect mental effort and learning outcomes. However, participants who 
studied the videos that displayed the gaze cursor did indicate they found it easier to 
follow the teacher than participants who did not see the gaze cursor. Overall, participants 
who saw the gaze cursor responded positively to it, especially when the videos contained 
only the gaze cursor and not an additional mouse cursor. Therefore, displaying a gaze 
cursor can still be a useful tool to guide learners’ attention, especially in situations when 
the teacher cannot easily use a mouse as pointing device. Future research should further 
investigate the value of the gaze cursor as a visual cue in different types of instructional 
videos.
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Eye Movement Modeling Examples (EMME, Van Gog et al., 2009) are a specific type 
of tutorial (how to) videos that display a model’s (e.g., teacher, domain expert, or peer 
student) gaze location to learners while they demonstrate how to perform a task. This 
gaze display can, for instance, consist of a superimposed dot that moves across the screen. 
Various studies have shown that EMME can successfully guide learners’ attention to 
relevant video elements and foster learning compared to regular instructional videos 
without gaze displays (Xie et al., 2021). However, EMME materials are designed very 
differently across studies, and it is often unknown how different design choices affect 
the effectiveness of EMME. The general goal of this dissertation was to extend existing 
EMME research by investigating how EMME materials can be designed most effectively, 
particularly by different means that EMME models can use to guide learners’ attention. 
Hence, the first aim of this dissertation was to review the relevant literature on EMME 
to determine the prevalence of different EMME design characteristics to guide learners 
and how they may influence learning. The second aim was to experimentally investigate 
the effects of different EMME design choices that likely affect attention guidance 
(i.e., showing a model’s natural vs. more didactic behavior and mouse cursor to guide 
learners) on learning. In this chapter, the main findings from the studies presented in 
this dissertation are summarized and discussed. Next, this chapter presents limitations 
of the studies, implications for educational practice and future directions for EMME 
research based on the results of this dissertation.

How Are EMME Materials Currently Designed to Guide Learners’ Attention? 
Chapter 2 presented a systematic literature review that aimed to determine the prevalence 
of various EMME design characteristics to guide learners and how they may affect 
learning. In general, the review revealed that the EMME designs differed considerably 
between studies, presumably due to the different contexts of the identified literature. 
For instance, studies were conducted in different domains such as sports/physical 
education, aviation, or STEM education and used a wide range of terminologies such 
as Quiet Eye Training, and gaze(-based) training to refer to EMME-like interventions. 
This discrepancy in terminology is likely the reason why previous reviews on EMME 
did not include many of the articles identified in this review (compare Xie et al., 2021). 
Furthermore, the review provided a more extensive overview on how EMME studies are 
designed in existing studies in terms of participant characteristics, task types, gaze display 
visualizations and types of guidance. The following sections provide a brief overview of 
the most relevant characteristics that likely affect attention guidance in terms of gaze 
display visualizations and types of guidance.

First, EMME often differ in whether they show the gaze display as attention 
map or scan path visualization, which likely affects attention guidance and, ultimately, 
learning. Attention map visualizations blur unattended information rather than adding 



Chapter 6

124

information to the screen (e.g., via a moving circle that displays the model’s gaze 
location). This makes it more difficult for learners to attend to information that the 
model is not attending to and seems to be particularly beneficial for learning when 
dynamic learning materials are presented (Jarodzka et al., 2012; Jarodzka et al., 2013). 
However, blurring unattended information might be less beneficial for static task 
materials (Brams et al., 2021). Brams et al. (2021) argued that an explanation for this 
finding could be that peripheral vision likely plays a larger role when observing moving 
rather than static stimuli (Hood & Leech, 1974). An alternative explanation is that 
in transient videos materials, learners must look at one specific spot at a specific time 
(exactly when the expert is referring to the element). In this case, a gaze visualization 
that hides all irrelevant information could be better suited to help learners with the 
information selection in time. When working with static images, learners have likely 
more opportunities to look at relevant image elements. In this case, the blurring of 
parts of the picture elements might even disrupt this process, as it restricts the learners’ 
exploration behavior.

Second, EMME vary in terms of the type of model guidance. Overall, the review 
provides a first indication that guidance by peers seem overall less effective than guidance 
by more experienced models (e.g., domain experts). This is somewhat surprising, 
because the indication that expert models are more beneficial for guiding learners’ 
attention in EMME is not in line with the assumption that a higher perceived model-
observer similarity fosters learning (Bandura, 1994; Schunk et al., 1987). However, 
other empirical studies have suggested that rather than a high model-observer similarity, 
the perceptions of ‘task appropriateness’  (i.e., how well someone can presumably 
demonstrate the task) fosters learning (e.g., Hoogerheide et al., 2016). In this context, 
learners also indicate that they prefer guidance from video instructors who are perceived 
as trusted professionals and domain experts (Utz & Wolfers, 2020), possibly because 
an expert’s higher level of domain knowledge is often more suited to teach complex 
content. In addition, observing an expert in EMME might be more beneficial in terms 
of effective attention guidance because performers with higher expertise tend to look 
faster and more at important information (e.g., Emhardt et al., 2020; Reingold & 
Sheridan, 2011; Sheridan & Reingold, 2017). Therefore, an expert’s gaze likely guides 
learners more quickly and reliably to the most relevant task elements, which should 
make information selection easier for novice learners. The preliminary findings of the 
systematic review can serve as a basis for future, in-depth investigations on the effects of 
different types of models to guide learners in instructional videos.

Third, another element of attention guidance that varies across EMME studies 
is the instructions given to the models prior to the creation of the EMME. EMME 
models were instructed to solve the task “naturally” when prior to creating the learning 
materials in about 17% of the studies (e.g., Litchfield et al., 2010; Nalanagula et al., 
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2006; Seppänen & Gegenfurtner, 2012; Stein & Brennan, 2004). In approximately a 
third of the EMME studies, the models were told to perform the task didactically by 
explaining their performance to the novice audience in an understandable manner (e.g., 
Jarodzka et al., 2012; Jarodzka et al., 2013). More than half of the identified EMME 
studies, did not indicate how their models were instructed before creating the EMME 
(e.g., Harle & Vickers, 2001; Klostermann et al., 2015; Koury et al., 2019; Mehta et 
al., 2005; Sharafian et al., 2019). The impact of instructing an EMME model either to 
behave didactically or naturally to guide learners’ attention was unclear, which provided 
the basis for the subsequent investigations (Chapters 3 and 4) in this dissertation. 

Finally, results of the systematic review suggest that EMME studies found somewhat 
less often positive effects of EMME on learning outcomes, when the study materials 
also included other elements of attentional guidance, such as verbal explanations or 
the mouse cursor. This supports the claim that adding additional elements of attention 
guidance could make gaze displays in instructional videos redundant (Kalyuga & 
Sweller, 2014; Van Gog et al., 2009). This assumption served as a background for the 
following studies and will be discussed in more detail in the sections below. 

Overall, the systematic review found promising effects of EMME on observers’ 
learning outcomes and measures of attention guidance (gaze measures). In particular, 
the effects of EMME on gaze measures of attention guidance were overwhelmingly 
positive (e.g., Ahrens & Schneider, 2021; Ahrens et al., 2019; Castner et al., 2020; 
Cheng et al., 2015; Jarodzka et al., 2012; Jarodzka et al., 2013; Van Marlen et al., 2016, 
2018; Wang et al., 2020; Winter et al., 2021). This supports the underlying, general 
assumption of this dissertation that attention guidance plays a crucial role in learning 
from EMME. However, the review also concluded that only few empirical studies have 
to date aimed at investigating effects of specific EMME design choices on learning, 
which was the goal of the subsequent investigations.

What Are Effects of EMME Design Choices for Guiding Learners’ Attention 
on Learning?
The second aim of this dissertation was to experimentally investigate the effects of 
different EMME designs that likely affect attention guidance on learning. As discussed 
above, one characteristic that varies considerably across EMME literature is the 
instruction given to the model prior to the creation of the EMME. Therefore, this 
dissertation first aimed to answer the question whether we can instruct experts to behave 
in a specific, didactic manner to guide learners’ attention in EMME, and how this alters 
the characteristics of EMME displays. Strikingly, the instruction to behave didactically 
rather than naturally did not consistently change experts’ gaze behavior in one specific 
direction (i.e., becoming consistently more or less similar to programming beginners) 
in the study of Chapter 3. Instead, they behaved more like novices on measures that 
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were associated with experts’ superior processing abilities and capacities, which might 
in natural displays not be easy for novices to follow or adopt (e.g., experts typically had 
shorter fixation durations, but their fixations became longer when being instructed to 
behave didactically). In contrast, experts became less similar to novices for measures 
that were associated with expert-specific problem-solving strategies, suggesting that 
they ‘exaggerated’ this to exemplify it to novices (e.g., a more linear code processing 
strategy). While this interpretation of the direction in which experts’ gaze patterns 
change is tempting, it is questionable whether experts consciously change them when 
they behave didactically. People seem to have only limited insights into their own gaze 
behavior (Clarke et al., 2017; Foulsham & Kingstone, 2013; Kok et al., 2017; Marti 
et al., 2015; Van Wermeskerken et al., 2018; Võ et al., 2016). It is also possible that 
the gaze patterns change merely because they accompany different verbalizations when 
experts are being instructed to explain their task solution to a novice audience in a 
didactic manner. Future research should investigate experts’ change in verbal behavior 
when performing a task in a didactic manner. Regardless of the underlying reason for 
the change in experts’ non-verbal behavior, we can conclude that it is possible to instruct 
EMME models to behave naturally or didactically, as they can adjust their (non-verbal) 
behavior accordingly. 

The subsequent empirical studies in this dissertation aimed to investigate how 
specific EMME design choices affect learning. The study in Chapter 4 focused on the 
question whether and how showing a model’s natural or more didactic behavior in 
EMME affect learning. In this study, programming beginners studied EMME videos, in 
which a domain expert debugged computer code either in a natural or didactic manner. 
The expectation was that observing the expert’s natural task-solving behavior in EMME 
would increase the processing demands on learners and affect learning. Contrary to 
these expectations, no significant effect of displayed model behavior on novices’ mental 
effort or learning was observed. These findings suggests that it seems to be okay to use 
didactic or natural model behavior when creating EMME. However, it is not yet clear 
whether this also applies to other task types (besides programming tasks) and video 
formats.

The study in Chapter 5 focused on the question how displaying the mouse cursor 
in EMME affects learning and whether there is an added benefit to guiding the learners’ 
attention with gaze displays (the ‘gaze cursor’) compared to using a mouse cursor. 
Depending on the study condition, a lecture video on how to visualize business processes 
(BPMN, see Freund & Rücker, 2019) was displayed with or without a lecturer’s gaze 
cursor and with or without his mouse cursor to guide learners’ attention. It was expected 
that both the gaze and mouse cursor displays would have a positive effect on learners’ 
mental effort ratings and posttest performance. Unexpectedly, however, the study did 
not find any effects of the gaze or mouse a cursor on observers’ mental effort ratings 



General Discussion

127

6

and learning. These results suggest that the use of the gaze cursor does not provide a 
direct advantage over the use of the mouse cursor as a tool for attention guidance with 
respect to learning outcomes. However, participants indicated that the EMME format 
was perceived positively, especially when the EMME did not show a mouse cursor. The 
finding that the effectiveness of gaze and mouse cursor is comparable is consistent with 
previous findings of Gallagher-Mitchell et al. (2018).

To conclude, the studies in Chapter 4 and 5 found no significant effect of type 
of model behavior and mouse cursor use on mental effort or learning outcomes. A 
common explanation for the unexpected findings in both studies is that the instructional 
videos contained various elements of didactic guidance. In Chapter 4, the videos always 
contained a mouse cursor display, the gaze display, and the model’s actions on the 
screen were visible. In the study of Chapter 5, the videos contained didactically created 
lecture slides with explanations of a domain expert with extensive teaching experience. 
These video elements might have been sufficient to guide learners attention and make 
the experts’ behavior understandable in the different study conditions, hence making 
the addition of didactic explanations or the mouse cursor redundant (cf. redundancy 
principle, Kalyuga & Sweller, 2014; Sweller, 2005). This is also in line with the finding 
of Chapter 5 that showing the gaze display seemed particularly helpful to participants 
when the instructional videos did not additionally contain a mouse cursor. Hence, adding 
elements of attention guidance to videos (e.g., the mouse cursor, didactic explanations, 
or even the gaze display) could be particularly helpful when other guidance elements 
are missing in the video. Thus, the results of this dissertation reveal a possible boundary 
condition of EMME learning. 

Limitations
A limitation in the design of the EMME video materials in the present empirical studies 
was that they often could not be based on scientifically validated principles, as these are 
not available to date. In fact, de Koning et al. (2018) argued that the design of most 
instructional videos is currently still based on the creators’ intuitions and theoretical 
considerations instead of evidence-based principles from scientific research. For 
instance, with regard to EMME (see also Chapter 2), it is conceivable that different 
types of gaze display visualizations could have been equally (or even more) effective 
than the gaze displays in the current studies (compare Brams et al., 2021; Jarodzka 
et al., 2012; Jarodzka et al., 2013). Other visualization choices, such as only showing 
fixations of a longer duration or the use of a trail to consecutive fixations (as, e.g., done 
in Van Wermeskerken et al., 2018), have not been investigated to date. However, the 
participants’ qualitative responses to the EMME format in Chapter 4 and 5 suggest that 
these EMME designs could alter (and possibly improve) the experience of learning with 
EMME.
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Another limitation of this dissertation concerns the content of the EMME 
videos and tasks taught. In the study presented in Chapter 4, the EMME showed a 
programming expert’s gaze while debugging computer code. However, the code-
debugging task in this study can be categorized as problem-solving tasks and the results 
of the study described in Chapter 2 indicate that EMME are probably most effective 
when teaching highly visual tasks, such as visual search patterns and less effective when 
teaching problem solving tasks (see also, e.g., Van Gog et al., 2009; Van Marlen et al., 
2016). The task materials of Chapter 4 were, however, based on previous promising 
findings from programming research (Bednarik et al., 2018; Stein & Brennan, 2004). 
In the study of Chapter 5, the gaze display of the EMME did not show the task-solving 
behavior of an expert, but only served the purpose of directing the learner’s attention to 
relevant elements on lecture slides about BPMN. It is, however, possible that EMME are 
more effective when they serve both the purpose of directing attention and the purpose 
of visualizing a hidden task-solving strategy during authentic task performance (e.g., 
Jarodzka et al., 2012; Jarodzka et al., 2013; Van Gog et al., 2009). 

Finally, this dissertation only focused on the effects of single learning events with 
EMME. In current EMME literature, only a minority of studies assessed learning 
measures that were not collected on the same day the EMME was presented (e.g., 
Brams et al., 2021; García et al., 2021; Klostermann et al., 2015; Norouzi et al., 2019; 
Salmerón & Llorens, 2018). However, long-term effects are also highly relevant for 
educational practice, as the aim of instructional materials should be to achieve long-
lasting, stable effects on learning. In addition, adding measures of learners’ gaze during 
(or after) studying the instructional videos could have been helpful to confirm the 
underlying assumption of this dissertation that the different elements of attention 
guidance actually affect learners’ attention (as, e.g., done in Chisari et al., 2020). 
However, this was unfortunately not possible in the classroom and online settings of the 
current experiments.

Implications for Practitioners
New technological advances not only provide a fertile field of research for educational 
scientists, but also offer educational practitioners numerous opportunities to enrich their 
learning materials. Even without special eye-tracking equipment, it is nowadays possible 
to track and display a teacher’s eye movements, for instance with the help of computer 
webcams (see e.g., the open-source project pygaze.org). In general, the use of EMME 
in the domain of programming (Ahrens et al., 2019; Bednarik et al., 2018; Stein & 
Brennan, 2004) and BPMN (Winter et al., 2021) is promising. First EMME videos 
are already available on YouTube, for instance to teach code debugging (for an example 
video see https://www.youtube.com/watch?v=d0spnJhes2E). An important question 
for teachers is, under what circumstances it is worthwhile to use such technologies for 
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their educational practice and how an effective EMME should be designed for teaching 
purposes. 

The results of this dissertation imply some first design-guidelines for creating 
EMME materials for practice. For example, Chapter 2 implies that EMME should 
be used to teach tasks with high visual complexity but are not necessarily suitable 
for teaching visually simple problem-solving tasks (see also Van Marlen et al., 2016). 
Furthermore, there is also first evidence that dynamic EMME displays may provide 
more often positive results on learning than static EMME. When creating visually 
complex, dynamic EMME displays, removing information from the display though 
attention map visualizations appear to be more beneficial than adding information 
though superimposed scan paths (Jarodzka et al., 2012; Jarodzka et al., 2013). However, 
this advantage has not been found for EMME that are superimposed onto static task 
materials (Brams et al., 2021). Furthermore, EMME instructors should ideally be 
experienced teachers or researchers rather than less experienced peer students. Finally, 
practitioners should be aware that a using combination of different attention directing 
tools may be less beneficial as this may cause redundancy (e.g. showing a combination 
of gaze display, mouse cursor, and didactic verbal explanations in the video) (e.g., Van 
Gog et al., 2009). 

Furthermore, the results of this dissertation imply that practitioners have some 
freedom in the way they design their instructional videos, as the decision to behave 
either naturally or didactically and the decision to use the mouse or gaze cursor did 
not affect learning outcomes in the empirical studies. However, this result does not 
necessarily hold for all types of instructional videos, but so far only for videos that 
contain several elements of attention guidance, such as screen actions or the model’s 
mouse cursor. Practitioners should be aware that we cannot generalize these results to 
other video types (e.g., videos with less guidance elements) yet. 

Based on the present findings, the decision to create an EMME that displays a 
model’s natural or didactic behavior, or a mouse cursor can in practice also depend 
on the situation at hand. For instance, natural modeling behavior likely results from 
situations in which the teacher models the process of finding a solution that is still 
unknown. In these situations, it would be more challenging for teachers to provide 
didactic explanations while solving an unknown task. Conversely, it will be more difficult 
to model natural task-solving behavior when the teacher already knows this solution 
beforehand. Therefore, presenting didactic explanations in EMME is more authentic 
in such a situation. Similarly, the decision to use the mouse cursor as tool to guide 
learners’ attention could be situation dependent. In Chapter 5, we asked participants 
for their opinion on the EMME format, and they rated the presence of the gaze cursor 
positively, especially when the video did not additionally display the mouse cursor. 
Therefore, displaying a model’s gaze seems to particularly recommendable for videos, 
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in which displaying the mouse cursor might be difficult. For instance, showing the 
gaze display could be especially convenient when the teacher wants to use their hands 
while presenting or when modeling a manual task. In contrast, it might be easiest and 
similarly effective to use a mouse cursor instead of a gaze cursor for attention guidance 
in screen-recording lectures. 

Given the findings of this dissertation, educational practitioners can consider the 
characteristics of the instructional situation when weighing the benefits and costs of 
creating EMME

Future Research Directions
This dissertation focused on the question how different types of model guidance in 
EMME affect learning. However, these empirical investigations should generally only 
be considered as a first starting point for future studies on this topic. For instance, 
EMME materials could also be enriched with (or possibly even replaced by) other 
elements than didactic verbalizations or the model’s mouse cursor to guide the learners. 
In practice, teachers have indeed various options at hand to guide learners’ attention 
when creating instructional videos without using eye-tracking technology. For instance, 
they can use different kinds of highlighting tools and pointing devices. Such alternative 
methods of attention guidance require less knowledge about eye tracking technology 
and the teacher can deliberately decide to only use them intermittently to point to the 
most important video elements. To date, there has been limited research that directly 
compared the EMME method with other methods to guide learners in instructional 
videos (for exceptions see Chapter 5 and Gallagher-Mitchell et al., 2018). Studies in 
which the content of the video is kept the same and only the method of directing 
attention changes could contribute to a better understanding of the (dis)advantages of 
EMME in general.

In this context, it is worthwhile to also investigate the underlying, general 
mechanisms of EMME in more detail. The finding of the systematic literature review in 
Chapter 2 that EMME often has positive effects on various gaze measures suggest that 
attention guidance plays indeed a critical role in the effectiveness of EMME. However, 
most EMME studies use multiple, different lines of reasoning to justify the use of 
EMME. This is because there have been other rationales for why EMME could have a 
positive effect on learning as well, such as the establishment of a more social learning 
situation (e.g., Krebs et al., 2019; Krebs et al., 2021) or the demonstration of the 
model’s perceptual processes and strategies (e.g., Jarodzka et al., 2012; Jarodzka et al., 
2013; Van Gog et al., 2009; Van Marlen et al., 2016). While these explanations of the 
beneficial effects of EMME are probably not mutually exclusive it would nevertheless 
be interesting to explore underlying mechanisms of EMME in more detail in future 
studies. If, for example, social mechanisms play a predominant role (e.g., knowing that 
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EMME displays are a person’s eye movements), not informing learners about the origin 
of the EMME display may reduce the beneficial effects of EMME. Such a finding would 
contribute to our overall understanding of the relevance of social mechanisms in learning 
with EMME. If attention-guiding mechanisms are predominantly responsible for the 
positive effects of EMME, it might be similarly effective to direct learners’ attention 
with other visual cues, provided they contain the same amount of visual information 
and detail. Finally, the findings of Litchfield et al. (2010) provide a first indication that 
EMME promote learning by revealing a task performer’s visual strategy, because EMME 
fostered learning only when gaze during actual task performance was shown (rather than 
random gaze of a naive model who did not perform any task-solving strategy).

Regarding more specific design choices of EMME, the systematic literature review 
in Chapter 2 showed that their effects have often been insufficiently studied (e.g., effects 
of the types of gaze displays, the processing of raw eye-tracking data, the type of EMME 
model, or their level of expertise) should be more systematically investigated. 

In addition, the qualitative findings from Chapters 4 and 5 suggest specific changes 
to the EMME design based on learners’ responses to this method, which could serve 
as basis for future investigations. For instance, participants in both studies reported 
that they felt distracted by the rapidly moving gaze displays. One way to make the 
gaze display calmer and possibly easier to follow is to add connection lines between 
subsequent fixations. Alternatively, only showing fixations of longer duration (e.g., by 
introducing a higher threshold for displaying fixations) could make the gaze display 
smoother. When systematically investigating the effects of these and other EMME design 
choices, characteristics of the learning materials need to be considered. As Brams et al. 
(2021) noted, it is conceivable that the effectiveness of different EMME designs and 
visualizations types also depends on the characteristics of the tasks taught. Ultimately, 
future studies on how to create EMME most effectively would help researchers and 
practitioners create EMME displays not based on intuition or default settings of eye-
tracking software. Instead, they could make more informed choices that depend on the 
specific characteristics of the situation at hand. 

Another interesting avenue for future research is how to integrate the EMME 
method into a broader educational context, for example, by embedding it into larger 
training programs to teach complex tasks. According to Van Merriënboer and Kirschner 
(2017) modeling examples provide a large amount of guidance, especially when (didactic) 
verbal explanations are also available. EMME are modeling examples with a particularly 
high level of guidance, as the gaze display continuously guide the learner’s attention 
to relevant video information. It is therefore conceivable that it is most beneficial to 
include EMME as supportive information at the beginning of a learning program when 
learners have relatively little prior knowledge of how to perform the tasks to be learned. 
Showing EMME can help novices to create mental models and learn visual and cognitive 
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strategies that might later be used when practicing task (components) with less support. 
In contrast, showing EMME at a later point during an educational program could be 
detrimental to learning because learners may have already developed their own cognitive 
schemas that could interfere with the demonstrations in the EMME (see also expertise 
reversal effect, Kalyuga, 2009, 2014).

Finally, another way to extend the scope of EMME research is to apply this method 
in live learning situations. The majority of EMME studies to date focused on presenting 
prerecorded instructional videos. However, gaze displays could also be used to enrich 
real-life teaching situations. It is, for instance, nowadays technically possible to project a 
teacher’s eye movements in real-time to learners on a big screen in a classroom or lecture 
hall (as suggested by Špakov et al., 2016). Alternatively, the gaze display could also 
be added to live streams on online platforms to guide learners’ attention in real time. 
There is already a large body of literature on sharing gaze during real-time cooperation 
and collaborations (e.g., Bai et al., 2020; Brennan et al., 2008; D’Angelo & Begel, 
2017; Gupta et al., 2016; Müller et al., 2013; Niehorster et al., 2019; Piumsomboon 
et al., 2019). However, studies in which gaze sharing has a predominantly educational 
purpose to foster learning are still rare (e.g., sharing an instructor’s view in real time to 
enhance learning, see Wang et al., 2019). Furthermore, teachers in real-life situations 
could also use other tools to direct learners’ attention to relevant lecture elements, 
such as laser pointers, the mouse cursor, or traditional pointing sticks. It would be 
interesting to compare these and similar tools for attention guidance with displaying the 
teacher’s gaze in real-life. Such investigations would extend this dissertation by further 
comparing different means of attention guidance and expand EMME research to novel 
and authentic educational contexts.
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Appendix A 

Table With Instructions to Extract the Data From the Identified Articles of the Syste-
matic Literature Review (Chapter 2)

Variable name Specification
General study information

Authors_year First author et al., (date)

Experiment_number Some studies include several experiments. Therefore, this variable numbers the 
experiments of the individual studies

Publication_type Indicate the publication type. 
Options:
• Journal article 
• Conference proceeding

Sample_size Sample size that is indicated in the methods (participant) section after the main 
exclusions. We included all participants that provide at least some data for the 
analysis section

Study_design Indicate the type of study design (how the effects of EMME were investigated). 
Options:
• Within-subject comparison 
• Between-subjects comparison

Condition_number Number of conditions in terms of the between-subject design

Main_intervention Indicate whether the EMME was the main intervention. Options:
• Yes 
• No
In the EMME vs. no EMME comparison, is the gaze visualization the only 
difference between conditions? If there is a comparison instruction or if there is a 
different instruction in the control group available, or if the control group did not 
receive any instruction, then we coded this variable as ‘no’. 

Research question 1

Task_domain Indicate the domain of the task materials based on their content. 
Options:
• Sports and physical education
• STEM (physics, biology, mathematics, informatics)
• Medicine
Other: other domains (e.g., military, aviation etc., categories with less than  
5 entrances) 
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Rational of using EMME
Code only the rationales that the authors explicitly mention in the introduction. Coding was based on 
keywords (see individual keyword lists below) that had to be mentioned in the introduction to specifically 
justify the use of EMME.

Rationale_attention_
guidance

EMME as cue to guide learners’ attention to specific task locations. 
Options:
• Yes 
• No
Keywords: Guide, cue, salien*, deictic, direct, orient, highlight, navigate, point, 
distribution of visual attention

Rationale_social EMME as social cue, evoking social cognitive learning/the feeling of social 
presence/shared/joint attention between teachers and learners. 
Options:
• Yes 
• No
Keywords: Shar*, joint (attention), social (not if this word is just mentioned as the 
background for modeling and not the EMME)

Rationale_strategy EMME reveal another person’s (e.g. domain expert’s) perceptual and/or 
cognitive activities/strategies to learners. 
Options:
• Yes 
• No
Keywords: strategy*, pattern (e.g., teaching expert reading patterns), approach, 
system(atic), visual/cognitive process, cognitive activity, detection procedure

Rationale_QuietEye The study discusses the benefits of training a Quiet Eye (QE). 
Options:
• Yes 
• No
This is a subcategory of TF_strategy, so if this is coded, always also code  
TF_strategy as Yes 
Keyword: Quiet Eye or QET

Research Question 2

Prior_knowledge Indicate participants’ level of prior knowledge. 
Options:
• No prior knowledge/skill: novices or general students
• At least some prior knowledge/skill:

intermediates/ experts, background in the field
• Mixed (if more than 1 group)
• Not specified 

Detailed instructions to categorize participants’ prior knowledge:
First, check if the authors report whether the participants have no prior knowledge 
or some prior knowledge, or whether the authors describe participants as novice in 
the task/having low prior knowledge( = no prior knowledge) or intermediate/expert 
(= some prior knowledge). We take over the author’s description for this table. 

If nothing is indicated, we  check how the participants group matches with the 
task. If the participant group is from a different domain (e.g psychology students 
learning a debugging task or general ‘students’ (without specification) learning a 
medicine task or the task is new to them, code as ‘no prior knowledge indicated’.

If the participant group is from the same domain (medicine students learning a 
medicine task), code as some prior knowledge. 
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Education_level Indicate participants’ level of education.
Options:
• Primary and secondary education (Pupils/children)
• Tertiary education Students 
• Professionals: People already working (under supervision) in the field
• Others
• Not indicated

Task_categorization Indicate the task category. 
Options:
• Visual search/classification:

Tasks that rely predominantly on interpreting perceptual information 
• Problem-solving:

Tasks in which a participant works from a begin-state to an end-state, often 
in several steps. Insight problems etc.

• Visuo-motor:
Tasks in which (vision-guided) motor actions are executed. Note that it is 
only a visuo-motor task if a motoric action is required, not just if a decision 
is needed

• Text processing/comprehension:
Tasks in which a text is read/memorized and participants answer questions 
about the content of the text. Computer code can also be regarded as text

• Other:
Tasks that cannot be placed under one of the other categories

EMME_add Indicate whether EMME add (e.g., by superimposing) or take away (e.g., by 
blurring) information from the display. 
Options:
• Added 
• Removed 

EMME_dynamic Indicate whether EMME displays are presented in a static (picture) or dynamic 
(video) manner. 
Options:
• Dynamic 
• Static

EMME_type Indicate whether EMME displays are presented as scan path or attention map. 
Options:
• Scan Path (everything, circle, dot etc.) 
• Attention map (Heatmap, Spotlight)

Type_data Indicate based on which data the EMME was developed. Options:
• Raw (just x,y coordinates)
• Event-detected (fixations and saccades)
• Higher-order processed (e.g., aggregated over AOIs)
• Not reported

Note that we can only recognize that fixations/saccades are detected (e.g., in a 
picture or if authors report event detection). If those are not visible, they could 
still be detected but we do not know, so code that as not reported.

Att_Guid (Attention 
Guidance)

Code the presence of other attention guidance tools in the learning materials with 
EMME (e.g., in the video) 
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Instructor_type Indicate which type of performer/instructor was shown in the EMME. Options:
• Novice (peer): other students/learners
• Teacher or expert
• Researcher: e.g., one of the authors, a research assistant
• Not specified in text

Instruction_type Indicate which instructions the task performers received to create the EMME. 
Options:
• Natural: Instructed to behave natural behavior 
• Didactic: Instructed to behave didactic, deliberate or scripted behavior
• Not specified in the text, 

Also code the instruction as ‘not specified’ if the text mentioned “optimal 
behavior”, “correct anticipation behavior”, or an expert “performing a QE”? 

Att_guid_auditory Indicate the presence of verbal guidance though spoken information while 
presenting the EMME material. Options: 
• Yes
• No

Att_guid_other Indicate whether other tools for attention guidance (e.g., the gaze cursor or 
highlights) were used in the study materials. Options:
• Yes
• No

Research Question 3
General instructions to code the effects on the dependent variables (DV):

Code the findings as:
• Significant positive effect of EMME on DV
• Significant negative effect of EMME on DV
• No significant effect of EMME on DV
• NA: dependent variable is not present in this study, no results

In some cases, several variables falls within one type of dependent variable (e.g. sensitivity or specific are 
both learning_direct_score). Then, we code mixed effects as positive/negative, if at least one of the variables 
has a significant positive/negative effect (liberal coding). Postive effects outweight negative effects. Negative 
effects outweight no effects (see eg., article of Carroll et al., 2013).

We use a significance level of 0.05 to decide whether an effect was significant or not.
Retention_time Time in days until the first retention test was performed (at least one day after the 

EMME is presented). 

DV_performance_
score

The score on a task that can be performed while the EMME is present

DV_performance_RT Reaction time/time on task that can be performed while the EMME is present

DV_performance_gaze Effects on observers’ gaze measures that were recorded while watching the EMME. 
For this measure, we stick to the interpretation of the authors whether the effect 
is positive or negative.

DV_immediate_
learning_ score

The score on a new task executed after the EMME is presented (on the same day). 
We do not distinguish whether the task was, for instance, a recall or transfer task. 

DV_immediate_
learning_ RT

The reaction time/time on a new task executed after the EMME is presented  
(on the same day). 
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DV_immediate_
learning_gaze

Effects on observers’ gaze measures that were recorded while performing the 
(learning) post-test task on the same day. For this measure, we stick to the 
interpretation of the authors whether the effect is positive or negative.

DV_delayed_learning_
score

The score on a new task that is executed at least one day after the EMME is 
presented (no matter how the authors call this).

DV_delayed_learning_
RT

The reaction time/time on task on a new task that is executed at least one day 
after the EMME is presented (no matter how the authors call this).

DV_delayed_learning_
gaze

Effects on observers’ gaze measures that were recorded during a retention task. 
For this measure, we stick to the interpretation of the authors whether the effect 
is positive or negative.

Other_DV_subjective_
ratings

Indicate whether subjective ratings are reported as DV’s. Options:
• Reported
• Not reported 

Other_DV_qual_resps Indicate whether qualitative responses are reported as DV’s (interviews, opinions 
etc.). 
Options:
• Reported
• Not reported 

Other_DV_other Indicate whether other DV’s are reported in the results section (e.g., 
psychophysiological measures, body movement measures, ball flight times if this 
was not diretly taught etc.). 
Options:
• Reported
• Not reported 

Terminology_title_
abstract

Indicate how the EMME was called in the title or abstract

Terminology_
categorized

Options:
• QET
• EMME
• Gaze(-based) training
• Other

Instructions for the (adjusted) MERSQI rating

MERSQI_design Rating between 1 and 3 about the study design. Chose one of the following 
options:
• 1 point: single group cross-sectional or single group posttest only
• 1.5 points: single group pretest & posttest
• 2 points: non-randomized groups or groups without explicitly mentioned 

randomization
• 3 points: randomized or pseudorandomized groups



Appendices

142

MERSQI_sampling Rating between 1 and 3 about the sample/sampling. Sum the following points:
• Heterogeneous sample:

- 0 points: all participants are from the same study domain/background 
(e.g., medicine, undergraduate psychology students, or members of the 
same organization), or from less than 3 different classes/courses. Also 
rate as 0 if the study uses a specific population (e.g., only one gender, or 
participants with a specific restriction/disease).

- 1 point: general (student) population without mentioning specific 
courses.

• Sample size:
- 0 points: no justification of sample size
- 1 point: the sample size is justified with power calculation or through 

previous research.

• Pre-test comparison: 
- 0 points: no comparison of prior knowledge
- 1 point: the study compared the prior knowledge between the groups. 

This can also be reported in a table or graph.

MERSQI_data_type Rating between 1 and 3 about the study design. Select one of the following 
options:
• 1 point: Subjective assessment by participants only.
• 3 points: Objective measurement available.

MERSQI_validity Rating between 1 and 3 about the validity of the instruments. Sum the following 
points:
• Internal validity:

- 0 points: no information about internal structure (validity) reported.
- 1 point: internal structure (validity) reported.

• Content validity:
- 0 points: no information about content validity.
- 1 point: content validity reported.

• Criterion validity:
- 0 points: no information about criterion validity.
- 1 point: criterion validity reported. 

MERSQI_analysis Rating between 1 and 3 about the analysis. Sum the following points:
- 1 point: appropriate analysis with fitting conclusions (no conclusion 

about existing effects with non-significant findings).
- 1 point: all relevant descriptive analysis for main variables of interest 

(e.g., means and SD/SE/CI for the groups reported/listed, relevant test 
statistics are reported).

- 1 point: results reported beyond a descriptive analysis for main variables 
of interest.

MERSQI_outcome Rating between 1 and 3 about the outcome variables. Select one of the following 
options:

- 2 points: the study only investigated short-term effects.
- 3 points: the study also investigated long-term effects (testing at least 1 

day after studying the EMME).

MERSQI_total_score Total MERSQI score (sum of all previous MERSQI ratings).
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Appendix C

The Instruction, Erroneous Codes, and Task Solutions of the Study Tasks 
(Chapter 3)

Task 1.
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Task 2. 
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Task 3.
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Appendix D

Results of All Shapiro-Wilk Tests to Test for Normality of the Model Residuals 
(Chapter 3)

Measure Model Research 
Question 1:
Effect of expertise 
(naturally behaving 
experts vs. novices)

Model Research 
Question 2:
Effect of instruction 
(naturally vs. 
didactically behaving 
experts)

Model comparison of 
novices and didactically 
behaving experts

Fixation durations 
in code area in ms

W = 0.99, p = .843 W = 0.99, p = .631 W = 0.99, p = .531

Code reading 
linearity in %

W = 0.98, p = .188 W = 0.98, p = .123 --

Saccade amplitudes 
in code area in 
degrees of visual 
angle

W = 0.98, p = .164 W = 0.94, p < .001*** 
(after log-transformation: 
W = 0.98, p = .160)

W = 0.96, p = .020*  
(after log-transformation: 
W = 0.99, p = .989)

Number of 
transitions per 
running the code

W = 0.86, p < .001*** 
(after log-transformation: 
W = 0.98, p = .285)

W = 0.94, p < .001*** 
(after log-transformation: 
W = 0.97, p = .044*)

W = 0.88, p < .001*** 
(after log-transformation: 
W = 0.99, p = .701)

Time until first 
running the code 
in min

W = 0.87, p < .001*** 
(after log-transformation: 
W = 0.99, p = .533)

W = 0.88, p < .001*** 
(after log-transformation: 
W = 0.99, p = .526)

--

Code running 
frequency

W = 0.92, p < .001*** 
(after log-transformation: 
W = 0.98, p = .301)

W = 0.79, p < .001*** 
(after log-transformation: 
W = 0.98, p = .227)

--

Note. * (p<0.05), ** (p<0.01), and *** (p<0.001) indicate a significant result of the Shapiro-Wilk test.
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Appendix E

Table of the Quantile-Quantile Plots of the Model Residuals Before and Af-
ter Log Transformations for the Critical Models of Both Research Questions 
(Chapter 3)

Models of Research Question 1

Residuals of the 
model with the factor 
expertise

Before log transformation After log transformation

Amount of transitions 
per running the code’ 
(section 3.1.4)

Time until first 
running of the code 
(section 3.1.5)

Code running 
frequency (section 
3.1.6)
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Models for Research Question 2

Residuals of the 
model with the factor 
instruction

Before log transformation After log transformation

Saccade amplitudes 
in code area (section 
3.2.3, part 1)

Saccade amplitudes 
in code area, (section 
3.2.3, part 2)

Transitions per 
running the code 
(section 3.2.4, part 1)

Transitions per 
running the code 
(section 3.2.4, part 2)
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Time until first 
running the code 
(section 3.2.5)

Code running 
frequency (section 
3.2.6)

Models for Research Question 2 (Continued)

Residuals of the 
model with the factor 
instruction

Before log transformation After log transformation
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Appendix F

Erroneous Code Snippets of the ‘List Manipulation’ (Task 1) And ‘Printing 
Rectangles’ (Task 2) with Solutions in the Comments (Behind the #-Symbol) 
(Chapter 4)

Task 1.
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Task 2.
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Appendix G

Table With Examples of Identified Natural and Didactic Model Behavior in 
the Video Materials (Chapter 4)

Videos with natural model behavior Videos with didactic model behavior
1. Understanding difficulties:
- and below something twisted… Something 

seems to go wrong
- Ahm, okay what is he doing here?
- Ahm, what’s included here?
- Where is ‘even_elements’ called? I am slightly 

confused right now.
- Ahm, what is ‘even’ actually doing?
- But now I have a problem, squared_elements, 

there is a bracket missing? 
- Now I added a big error somewhere. I don’t 

know where, where am I?
- I am not sure if he added the bracket. No, he 

didn’t. So, again…
- solid, what is solid doing?
- Where is the printing done here at all?
- I’m still not quite sure what this is all about.

2. (Trial and) error behavior:
That’s maybe not exactly what we want. 
- That is already one mistake, but that can’t be all. 

I first square here and, eh, look what happened 
then

- Control, I am just going back again..
- Oh, now I misplaced something.
- I just try it out now let it run…
- Ehm, I first let it (the program) run. Ahm. And 

see what happens.
- If I just print out these 2 for test purposes and 

let them run. Has something changed? There are 
more of them. How many were there anyway? 
[...] Ah, it probably wasn’t that, the width minus 
one, but that is of course only trial and error.

I haven’t checked that exactly, but still.
- Let me just try this.
- Okay, we have a problem here at this location.

1. Introducing all task components/structure 
first:

- Let’s look at the Code… And behind this is the 
actual program that is called according to the 
order…

- Let’s first simply look how the program is built
- This means ‘line’ is in the call hierarchy 

completely at the bottom
- This means that we now break down our 

debugging process so that we first try to repair 
the first rectangle, then the second rectangle, 
then the third rectangle. And we also do this 
every time, so that when we have just made a 
correction, we let the program run –it is pretty 
short- And check the result.

- Okay, let’s look at the second example, the 
second rectangle 

2. Rhetorical questions (followed by an 
explanation):

- “What is the code supposed to do?”
- What was the task again? 
- How do we get the even (numbers) out?
- Yes, what are we doing?... Again, what are we 

doing? 
- Also, solid, what is this function doing? 

3. Understanding/ knowledge of the correct 
answer: 

- frequent use of words like “obviously”, “simply”, 
“just”

- You can directly see that there is obviously…
- That’ s a non-sense statement 

4. Commenting/explaining strategy:
- Let’s look at the output without searching for 

the error yet

Detailed explanation of the error:
- Ahm, how can I make this understandable? 

(followed by an explanation)
- Simply as an additional explanation: …
- But also again as an explanation, that was a bit 

intuitive from the gut…
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Appendix H

Categorization of Participants’ Answers to the Open Question About Their 
Opinions on the EMME Video Format (Chapter 4)

Answer category Specification Evaluation Count
P1. Spatial attention 
guidance to task 
elements (P2)

Participants reported that the eye movements 
helped them to follow the video, because they 
helped to know where to look by and to be able 
to see on which locations the model worked. This 
helped to orient in the code, for instance when 
elements appeared double.

Positive 28

P2. Improved model 
comprehensibility 
(thoughts, processes, 
verbalizations) (P3)

Participants reported that the eye movements 
were a valuable addition to the explanations that 
provided them with additional insights into a 
model’s problem-solving processes, verbalizations 
and thoughts.

Positive 18

P3. General positive 
comment (P0)

Participants reported that they generally liked the 
video idea and format and found it helpful for 
learning (e.g., as programming/lecture) addition, 
but did not specify why.

Positive 16

P4. Teaches how to 
approach a task  
(e.g., like an expert) (P1)

Participants reported that the eye movements 
helped them to understand how to approach 
debugging tasks. Like this, they might also be able 
to adapt an expert’s problem-solving processes.

Positive 5

P5. Superior to the 
mouse cursor (P5)

Participants reported that they perceived the eye 
movement displays to be superior to the usual 
mouse cursor, because they seemed more reliable, 
less distracting, more interesting to follow, and 
contained important additional information.

Positive 3

P6. Motivating (P4) Participants reported that the format motivated 
them to invest more effort and concentration to 
follow the video.

Positive 2

P7. Good visualization 
technique (P6)

Participants reported that the eye movement 
displays were well designed (they move in a 
meaningful manner, the gray is not too obtrusive).

Positive 2

N1. Limited value over 
mouse cursor (N4)

Participants reported that the mouse cursor is also 
an effective way to guide attention, so the benefit 
of the eye movements was limited.

negative 10
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N2. Eye movements 
were distracting/ 
irritating (N1)

Participants reported that they felt the eye 
movement visualizations were confusing, 
distracting, or irritating.

Negative 8

N3. Following the videos 
was tiring and required 
a lot of attention/ 
concentration (N3)

Participants reported that following the eye 
movements was tiring and required high 
concentration.

Negative 6

N4. Eye movements 
were difficult to follow 
(N2)

Participants reported that it was difficult to follow 
the videos (e.g., when mouse cursor and eye 
movements were on different locations, when the 
visualization or expert was too fast).

Negative 3

N5. General negative 
comment (N0)

Participants reported that the eye movements 
generally do not help, without specifying a reason.

Negative 2

N6. Verbalizations more 
relevant (N5)

Participants reported that the verbal explanations 
were more helpful than the eye movement 
displays.

Negative 2

N7. Observing other’s 
approach not helpful 
(N6)

Participants criticized that the videos displayed an 
approach that was substantially from their own 
approach. The visualization of the model’s eye 
movements might not be relevant for a beginner 
and they felt forced to follow the model’s behavior 
instead pursuing an own approach.

Negative 2



Appendices

162

Appendix I

Powerpoint Slides That Were Presented in the Instructional Video (Chapter 5)

1.
1. 

 
 
2.  
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1. 
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3.

3. 

 
 
4. 
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5. 

Note. The position of the orange dot was animated on this slide. 
 
 
6.  

Note. The position of the orange dot was animated on this slide.
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6. 

Note. The position of the orange dot was animated on this slide. 
 
 
6.  

 
 
 

7.

7. 

 
8. 
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Appendix J

Items of the Prior Knowledge and Recall Test (Chapter 5)

 

 
 
Above, you see symbols of different BPMN model components that are numbered from 1 to 14. Please 

belongs to the following BPMN component or 

more about BPMN on the next pages): 

   Parallel gateway: 
 
 

Activity: 
 
 

Sequence flow: 
 
 

Intermediate event: 
 
 

Start event: 
 
 

Inclusive OR gateway: 
 
 

Exclusive OR gateway: 
 
 

End event: 
 

Above, you see symbols of different BPMN model components that are numbered 
from 1 to 14. Please enter the number that you think belongs to the following BPMN 
component or type the number 0 if you do not know the answer (no prior knowledge 
on this topic is required to participate in this study and you will learn more about 
BPMN on the next pages):

Parallel gateway:
Activity:
Sequence flow:
Intermediate event:
Start event:
Inclusive OR gateway:
Exclusive OR gateway:
End event:
Information annotation:
Termination event:
Information received:
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Appendix K

Items of the Transfer Test (Chapter 5)

1.

 
1.  

 
 

2.  

 
  

2.

 
1.  

 
 

2.  

 
  

3.

3.  

 
 

4.  
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4.

 
 

4.  

 
  

5.

5.  

 
 

6.  

 
a) B can only start after C was completed. 
b) D can only start, after B or C are completed. 
c) B and C are not always completed at the same time. 
d) D can only start, after B and C are completed. 

6.

5.  

 
 

6.  

 
a) B can only start after C was completed. 
b) D can only start, after B or C are completed. 
c) B and C are not always completed at the same time. 
d) D can only start, after B and C are completed. 

a) B can only start after C was completed.
b) D can only start, after B or C are completed.
c) B and C are not always completed at the same time.
d) D can only start, after B and C are completed.
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7.
7.  

a) The use of parallel and exclusive gateways is not problematic. 
b) The process may turn out to not finish/get stuck. 
c) As long as the path with the activity B is activated, the process can always be finished. 
d) The process model could be corrected by moving the activity A after the and split   
gateway into the process path containing activity C. 

 
8.  

 

a) B can only start after A is completed. 
b) The entire process cannot complete. 
c) D is completed twice. 
d) D can only start after B and C are both completed. 

a) The use of parallel and exclusive gateways is not problematic.
b) The process may turn out to not finish/get stuck.
c) As long as the path with the activity B is activated, the process can always be finished.
d) The process model could be corrected by moving the activity A after the and split  

gateway into the process path containing activity C.

8.

7.  

a) The use of parallel and exclusive gateways is not problematic. 
b) The process may turn out to not finish/get stuck. 
c) As long as the path with the activity B is activated, the process can always be finished. 
d) The process model could be corrected by moving the activity A after the and split   
gateway into the process path containing activity C. 

 
8.  

 

a) B can only start after A is completed. 
b) The entire process cannot complete. 
c) D is completed twice. 
d) D can only start after B and C are both completed. 

a) B can only start after A is completed.
b) The entire process cannot complete.
c) D is completed twice.
d) D can only start after B and C are both completed.



Appendices

169

9.
9.  
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Since the recent COVID-19 pandemic, online learning, for instance through online 
lectures and tutorial videos, has become more important than ever. A particularly 
effective video format are Eye Movement Modeling Examples (EMME, Van Gog et al., 
2009). EMME are tutorial videos in which a ‘model’ (e.g., a teacher, domain expert, 
or a peer student) demonstrates how to perform a task while their gaze location is 
displayed to learners on the screen. This gaze display can be visualized with eye tracking 
technology, for instance as a moving circle that is superimposed on the screen to indicate 
where the model’s center of visual attention is at each moment. It is conceivable that a 
key mechanism for the effectiveness of EMME is that the gaze display guides learners’ 
attention to relevant task elements in the video (e.g., Chisari et al., 2020; Jarodzka et al., 
2012; Jarodzka et al., 2013; Van Marlen et al., 2016, 2018).

Even though the amount of EMME studies has increased in the last decade (for 
an overview see Xie et al., 2021), there is still a lack of evidence-based design guidelines 
for creating effective EMME. Consequently, EMME materials differ significantly in 
the way they are designed to direct learners’ attention. The first aim of this dissertation 
was to provide a review of the EMME literature to determine the prevalence of various 
EMME design characteristics to guide learners and indicate how they may influence 
learning.

The second aim of this dissertation was to experimentally investigate the effects of 
specific EMME design choices to guide learners’ attention. A first element of attention 
guidance that often differs in EMME materials and is likely to affect learning is the type 
of displayed model behavior. In some studies, EMME models are instructed to perform 
a task as usual and thus behave ‘naturally’ (e.g., Litchfield et al., 2010; Nalanagula et 
al., 2006; Seppänen & Gegenfurtner, 2012; Stein & Brennan, 2004). Other EMME 
models receive ‘didactic’ instructions to guide the novice learners in an understandable 
manner (Jarodzka et al., 2012; Jarodzka et al., 2013). Therefore, this dissertation dealt 
with the question how the instruction to behave didactically alters experts’ behavior 
and, consequently, the characteristics of EMME displays. 

How displaying these different types of model behaviors affects EMME learning 
was furthermore unknown. For instance, it is possible that displaying didactic model 
behavior is more beneficial for learning because it is adapted to the prior knowledge of 
the less experienced audience and should, therefore, be easier to understand and follow 
(e.g., Jucks et al., 2007). However, presenting an expert’s natural behavior could also 
foster learning by providing insight into authentic expert task-solving behavior (Hinds 
et al., 2001), which could later be adopted by the learners. Hence, this dissertation 
subsequently investigated the question whether and how showing a model’s natural or 
didactic behavior in EMME affect learning.

Another feature that varies across EMME materials and likely affects learning is the 
use of the computer mouse cursor as visual tool to guide learners’ attention. It was not 
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known to date whether the gaze display and computer mouse cursor can complement, 
or possibly even replace, each other. Both instruments can be used to direct the learners’ 
attention, but they display information at a different level. While the gaze display in 
EMME provides detailed and continuous information about where the model’s focus of 
attention is directed to, the mouse cursor can be used more sparsely (and intentionally) 
to draw learners’ attention only to the most important video elements (as argued by 
Gallagher-Mitchell et al., 2018). Hence, this dissertation aimed to answer the questions 
of how displaying the mouse cursor in EMME affects learning and whether there is 
an added benefit to guiding the learners’ attention with gaze displays compared to a 
computer mouse cursor.

To sum up, the goal of this dissertation was to contribute to EMME research by 
investigating how EMME materials can be designed effectively. For this purpose, it first 
investigates the question how EMME materials are currently designed. The subsequent 
studies address how specific EMME design choices that likely influence attention 
guidance can affect EMME displays and learning. In this context, the dissertation 
focused on the effects of displaying the model’s natural vs. didactic behavior and their 
mouse cursor as means of verbal and visual attention guidance in EMME. 

Chapter 2
Chapter 2 provided an overview of how EMME studies and materials are currently 
designed to guide learners’ attention and how different design choices might affect 
learning. A systematic literature search identified 72 relevant articles (including 78 
experiments) on EMME. 

The first aim of the systematic review was to report on the background of these 
studies. In addition to the more commonly used terms EMME, Quiet Eye Training, and 
gaze(-based) training, one-third of all studies used a variety of other terms. The wide 
variation in used terminologies, but also theoretical rationales for using EMME, and 
the different domains of the task materials (e.g., STEM education, aviation, medicine, 
physical education) indicate how disconnected the field of EMME research is to date.

The second aim of the systematic literature review was to provide an overview of 
similarities and differences between relevant study characteristics that could influence 
the effectiveness of EMME. More specifically, the review highlighted the studies’ 
differences regarding participant characteristics, task types, EMME visualizations, and 
guidance of the EMME models. In the context of this dissertation, one relevant finding 
was that EMME studies varied widely in the way that they instructed their models 
prior to creating the EMME. In some studies, the models were assigned to behave 
naturally by simply performing a task in a regular manner (e.g., Litchfield et al., 2010; 
Nalanagula et al., 2006; Seppänen & Gegenfurtner, 2012; Stein & Brennan, 2004). In 
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other studies, however, the models received more specific didactic instructions, such 
as the instruction to explain their task performance in an understandable manner to a 
novice audience (e.g., Jarodzka et al., 2012; Jarodzka et al., 2013). Finally, over half of 
the studies did not report how the models were instructed to create the EMME (e.g., 
Harle & Vickers, 2001; Klostermann et al., 2015; Koury et al., 2019; Mehta et al., 
2005; Sharafian et al., 2019). These different types of model guidance can affect the 
EMME displays and learning outcomes which were addressed in the following two 
chapters of this dissertation.

The third and final aim of the systematic literature review was to provide an 
overview of the different types of EMME effects that were studied in the literature. 
The studies’ outcome measures could be categorized into measures of performance and 
(direct and retention) learning with different types of variables (i.e., response times, 
scores, or gaze variables). For all measures, most studies reported positive effects of 
EMME, with measures of attention directing (gaze measures) showing the most positive 
effects. This underscores the overall potential of EMME as an effective tool for guiding 
learners’ attention and promoting learning. 

In conclusion, the systematic literature review in Chapter 2 showed overall 
promising findings regarding the effectiveness of EMME in terms of learning and 
attention guidance. However, it also showed also how fragmented the field of research 
is and how studies differ largely in possibly relevant study characteristics (e.g., different 
types of model guidance). This underlined the need to design evidence-based design 
guidelines for future EMME creation.

Chapter 3 
Chapter 3 presented an empirical study that addressed the question how domain 
(programming) experts adjust their behavior, and hence alter EMME displays, when 
being instructed to guide learners’ attention in an EMME in a didactic manner versus 
when behaving naturally. More specifically, this study focused on how programming 
experts’ non-verbal behavior, such as, mouse clicks and eye movements, that can be 
visualized in EMME changes. Twenty-two experts and 18 novice programmers first 
debugged short computer code snippets without any specific instructions while their 
eye movements and mouse clicks were recorded. Afterwards, the group of experts 
was instructed to create EMME, in which they guide a group of novice learners by 
explaining their previous task solutions in a didactic, understandable manner. The study 
found that experts’ non-verbal behavior did not consistently change when performing 
the task didactically. More specifically, experts became more similar to novices on 
measures that were associated with automatized task processing (i.e., shorter fixation 
durations, less transitions between the code and its output per click on the run button). 
However, experts seemed to become less similar to novices for measures associated with 
more strategic behavior when being instructed to behave didactically (i.e., code reading 
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linearity and clicks on the run button). The study found that experts change their 
naturally occurring, non-verbal behavior substantially when being instructed to guide 
the learners in an EMME in a didactic manner. This, in turn, automatically affects the 
characteristics of the EMME display, with unknown effects on learning. 

Chapter 4 
The study in Chapter 4 built on the findings of Chapter 3 and aimed to answer the 
question whether and how showing a (programming) expert’s natural vs. didactic 
behavior in EMME affects learning. In this study, 64 participants either watched two 
EMME, in which a programming expert debugged computer code either in a natural or 
didactic manner. We expected that observing an expert’s natural behavior would increase 
learners’ processing demands and thus lead to higher mental effort ratings. Regarding 
the effects of model behavior on learning, two opposite outcomes were conceivable. 
On the one hand, novice learners might benefit more from studying a model’s didactic 
behavior as it is specifically targeted towards guiding them while keeping in mind their 
lower level of prior knowledge (e.g., Kirschner et al., 2006). On the other hand, studying 
natural expert behavior could foster novices’ knowledge abstraction and provide insights 
into experts’ the authentic task-solving processes (e.g., based on Boekhout et al., 2010; 
Hinds et al., 2001). Participants responded overall positively to the EMME format. 
However, there were no significant main or interaction effects of the different types of 
model behavior on participants’ mental effort ratings or post-test performances. The 
general discussion of this dissertation presents possible explanations for these unexpected 
findings, such as the generally high level of didactic guidance in both EMME conditions, 
for instance due to the model’s additional mouse cursor display. 

Chapter 5
The study in Chapter 5 focused on comparing the mouse cursor and gaze cursor displays 
in EMME as tools that the models can use to guide learners’ attention in EMME. 
More specifically, this chapter explored the question how displaying the mouse cursor 
in EMME affects learning and whether there is an added benefit to guiding the learners’ 
attention with the gaze cursor. This study used lecture videos on Business Process Model 
and Notation (BPMN, https://www.omg.org/spec/BPMN/2.0/; Freund & Rücker, 
2019), which is a way of visualizing business processes in graph-based diagrams. In 
contrast to the domain of programming education, there were to date fewer studies 
on teaching BPMN with EMME (however, see Winter et al., 2021). 124 participants 
studied an online lecture video on BPMN, which was presented with or without the 
teacher’s mouse cursor and with or without his gaze cursor to guide novices’ attention. 
We expected main effects of displaying the gaze and mouse cursor that would reduce 
participants’ mental effort while studying the video and increase their post-test 
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performance. Participants responded overall positively to the EMME format, but even 
more so when the EMME did not show a mouse cursor display in addition. However, 
the study did not find the expected beneficial effects of the mouse and gaze cursor on 
participants’ mental effort ratings and video learning outcomes. Possible causes for this 
finding, such as the use of highly structured and didactically prepared lecture materials 
and the online setting of the experiment, are presented in more detail in the subsequent 
chapter.

Chapter 6
Chapter 6 provided a general discussion of the studies presented in this dissertation. 
This chapter first summarized and discussed the main findings from all chapters, as well 
as common limitations. 

Furthermore, this chapter highlighted possible implications for educational 
practitioners and future researchers. The results of the systematic literature review provide 
implications for first design-guidelines for creating EMME materials for educational 
practice, but also concluded that effects of different EMME design choices have until 
now been studied insufficiently. The results of the subsequent empirical studies suggest 
that EMME creators have some freedom in the design of their videos in terms of using 
the gaze cursor, the mouse cursor, or guiding learners through their didactic or more 
natural task-solving behavior. However, these results may not necessarily hold for all 
types of instructional videos and future research is needed to generalize these findings. 
Hence, the empirical studies should only be considered as a starting point for future 
studies on how EMME learning is influenced by including different elements for 
directing learners’ attention (e.g., changes in salience by highlighting or superimposing 
arrows on relevant areas). 

Finally, the general discussion provided directions for future research. Future 
EMME studies could focus on situations other than learning with prerecorded videos. 
For instance, showing gaze displays could also be used in real-life teaching situations to 
guide learners’ attention. Again, teachers in these situations can also use other tools to 
direct learners’ attention, such as a laser pointer or a traditional pointing stick. It would 
be interesting to compare to compare such tools for attention guidance to displaying 
EMME. Such investigations would extend the studies of this dissertation by further 
comparing different means of attention guidance and expand the EMME research to 
real-time settings in authentic, educational context.
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Sinds de recente COVID-19 pandemie is online leren, bijvoorbeeld via online colleges 
en instructievideo’s, belangrijker dan ooit. Een bijzonder effectieve vorm van instructie 
video’s zijn Eye Movement Modeling Examples (EMME, Van Gog et al., 2009). EMME 
zijn instructievideo’s waarin een ‘model’ (bijvoorbeeld een docent, domeinexpert of 
een medestudent) demonstreert hoe een taak wordt uitgevoerd, terwijl zijn of haar 
oogbewegingen op het scherm worden getoond aan de lerenden. Deze blikweergave 
(gaze display) kan worden gevisualiseerd met behulp van eyetracking. De visualisatie kan 
bijvoorbeeld bestaan uit een bewegende cirkel die op het scherm wordt geprojecteerd 
en aangeeft waar de visuele aandacht van het model zich op elk moment bevindt. Het 
is denkbaar dat een belangrijk mechanisme voor de effectiviteit van EMME wordt 
gevormd doordat de blikweergave de aandacht van lerenden leidt naar de relevante 
taakelementen in de video (e.g., Chisari et al., 2020; Jarodzka et al., 2012; Jarodzka et 
al., 2013; Van Marlen et al., 2016, 2018).

Hoewel de hoeveelheid EMME-studies de laatste tien jaar is toegenomen (voor een 
overzicht zie Xie et al., 2021), is er nog steeds een gebrek aan empirisch onderbouwde 
ontwerprichtlijnen voor het creëren van effectieve EMME. Om deze reden verschillen 
EMME-materialen aanzienlijk in de manier waarop ze zijn ontworpen als het gaat om 
het richten van de aandacht van de lerenden. Het eerste doel van dit proefschrift was 
daarom een overzicht te geven van de EMME-studies en de prevalentie van verschillende 
EMME-ontwerpkenmerken die waarschijnlijk het leren beïnvloeden.

Vervolgens presenteerde dit proefschrift experimentele studies naar de effecten van 
specifieke EMME ontwerpen met betrekking op het sturen van aandacht van lerenden. 
Een eerste element van aandachtssturing dat vaak verschilt in EMME-materialen en dat 
waarschijnlijk het leren beïnvloedt, is het type getoond modelgedrag. In sommige studies 
worden EMME-modellen geïnstrueerd om een taak uit te voeren zoals gebruikelijk, 
waarbij het model zich ‘natuurlijk’ gedraagt (bijv. Litchfield et al., 2010; Nalanagula et 
al., 2006; Seppänen & Gegenfurtner, 2012; Stein & Brennan, 2004). Andere EMME-
modellen krijgen ‘didactische’ instructies om de beginnende lerenden op een begrijpelijke 
manier te instrueren (Jarodzka et al., 2012; Jarodzka et al., 2013). Daarom behandelde 
dit proefschrift de vraag hoe de instructie zich didactisch te gedragen het gedrag van 
modellen verandert en hiermee de karakteristieken van EMME-displays beïnvloedt. 

Hoe het tonen van deze verschillende soorten modelgedrag van invloed is op het 
leren van EMME was tot op heden onbekend. Het is bijvoorbeeld mogelijk dat het tonen 
van didactisch modelgedrag bevorderlijker is voor het leren, omdat het is aangepast aan 
de voorkennis van een minder ervaren publiek waardoor het gemakkelijker te begrijpen 
en te volgen zou zijn (bijv. Jucks et al., 2007). Echter, het presenteren van het natuurlijke 
gedrag van een expert zou ook het leren kunnen bevorderen door inzicht te geven in 
authentiek, taakoplossend gedrag van experts (Hinds et al., 2001). Dit gedrag zou 
later door de lerenden kunnen worden overgenomen. Om deze reden onderzocht dit 
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proefschrift vervolgens of en hoe het tonen van het natuurlijke of didactische gedrag van 
een model in EMME het leren beïnvloedt.

Een ander kenmerk dat varieert tussen EMME-materialen dat het leren 
waarschijnlijk beïnvloedt, is het gebruik van de muiscursor als visueel hulpmiddel 
om de aandacht van de lerenden te richten. Het was tot op heden niet bekend of de 
blikweergave en de muiscursor elkaar kunnen aanvullen, of mogelijk zelfs vervangen. 
Beide instrumenten kunnen worden gebruikt om de aandacht van de leerling te sturen, 
maar ze geven informatie op een verschillend niveau weer. Terwijl de blikweergave in 
EMME gedetailleerde en continue informatie geeft over waar de aandacht van het model 
op gericht is, kan de muiscursor spaarzamer (en meer bewust en specifiek) worden 
gebruikt om de aandacht van lerenden alleen op de belangrijkste video-elementen te 
richten (zoals beargumenteerd door Gallagher-Mitchell et al., 2018). Dit proefschrift  
richtte zich op het beantwoorden van de vraag hoe het weergeven van de muiscursor in 
EMME het leren beïnvloedt en of er een toegevoegd voordeel is aan het leiden van de 
aandacht van de lerenden met de blikweergave in vergelijking met een muiscursor.

Kortom, het doel van dit proefschrift was om te onderzoeken hoe EMME-
materialen effectief ontworpen kunnen worden. Daartoe wordt eerst de vraag onderzocht 
hoe EMME-materialen momenteel worden ontworpen om de aandacht van lerenden 
te geleiden. Vervolgens wordt de vraag behandeld hoe EMME-ontwerpkeuzes die de 
aandacht van de leerling richten, EMME-materialen en het leren beïnvloeden. In deze 
context richtte het proefschrift zich op de effecten van het tonen van het natuurlijke 
versus didactische gedrag van het model en hun muiscursor als middelen voor verbale 
en visuele aandachtsbegeleiding in EMME. 

Hoofdstuk 2
Hoofdstuk 2 geeft een overzicht van studies die de effecten van EMME op het bevorderen 
van leren en presteren hebben onderzocht, evenals de verschillende kenmerken van 
de studies. Een systematisch literatuuronderzoek (review) identificeerde 72 relevante 
artikelen (waaronder 78 experimenten) over EMME. 

Het eerste doel van de systematische review was rapporteren over de achtergrond 
van EMME-studies. Naast de meer algemeen gebruikte termen EMME, Quiet Eye 
Training, en gaze(-based) training, gebruikte een derde van alle studies verschillende 
andere termen. De grote variatie in gebruikte terminologieën, maar ook theoretische 
onderbouwing voor het gebruik van EMME, en de verschillende domeinen van het 
taakmateriaal (bijv. bèta/technisch onderwijs, luchtvaart, geneeskunde, lichamelijke 
opvoeding) geven aan hoe onsamenhangend het veld van EMME-onderzoek tot op 
heden is.

Het tweede doel van het systematische literatuuronderzoek was om een overzicht 

Nederlandse Samenvatting



183

Nederlandse Samenvatting

te geven van overeenkomsten en verschillen tussen relevante studiekenmerken die 
de effectiviteit van EMME zouden kunnen beïnvloeden. In het bijzonder werd in 
de review gewezen op de verschillen tussen de studies wat betreft de kenmerken van 
de deelnemers, taak types, EMME-visualisaties, en de begeleiding door de EMME-
modellen. In de context van dit proefschrift was een relevante bevinding dat EMME-
studies sterk verschilden in de manier waarop zij hun modellen instrueerden voorafgaand 
aan het maken van de EMME. In sommige studies kregen de modellen de opdracht 
zich natuurlijk te gedragen door een taak op een reguliere manier uit te voeren (bijv. 
Litchfield et al., 2010; Nalanagula et al., 2006; Seppänen & Gegenfurtner, 2012; 
Stein & Brennan, 2004). In andere studies kregen de modellen echter meer specifieke 
didactische instructies, zoals de instructie om hun taakuitvoering op een begrijpelijke 
manier uit te leggen aan een beginners (bijv. Jarodzka et al., 2012; Jarodzka et al., 2013). 
Ten slotte rapporteerde meer dan de helft van de studies niet hoe de modellen werden 
geïnstrueerd om de EMME te creëren (bijv. Harle & Vickers, 2001; Klostermann et al., 
2015; Koury et al., 2019; Mehta et al., 2005; Sharafian et al., 2019). Deze verschillende 
soorten modelbegeleiding kunnen van invloed zijn op de blikweergaven in EMME en 
de leerresultaten, die in de volgende twee hoofdstukken van dit proefschrift aan de orde 
kwamen.

Het derde en laatste doel van het systematische literatuuronderzoek was om een 
overzicht te geven van de verschillende soorten EMME-effecten die in de literatuur zijn 
onderzocht. De uitkomsten van de studies konden worden gecategoriseerd in maten 
van prestatie en direct- en retentieleren met verschillende soorten variabelen (d.w.z. 
responstijden, scores, of variabelen van blikmetingen). Voor alle soorten uitkomstmaten 
rapporteerden de meeste studies positieve effecten van EMME, waarbij metingen van 
gerichte aandacht (variabelen van blikmetingen) de meest positieve effecten lieten zien. 
Dit onderstreept het algemene potentieel van EMME als een effectief instrument om de 
aandacht van leerlingen te sturen en hiermee het leren te bevorderen. 

Concluderend kan worden gesteld dat het systematische literatuuronderzoek in 
Hoofdstuk 2 over het algemeen veelbelovende bevindingen laat zien ten aanzien van 
de effectiviteit van EMME op het gebied van leren en aandachtssturing. Het wordt 
echter ook duidelijk hoe gefragmenteerd het onderzoeksveld is en hoezeer de studies 
verschillen in mogelijk relevante onderzoekskenmerken (bijv. verschillende typen van 
sturing door de modellen). Hieruit blijkt dat er behoefte is aan empirisch onderbouwde 
ontwerprichtlijnen voor de opzet van EMME.

Hoofdstuk 3 
Hoofdstuk 3 presenteerde een empirische studie die inging op de vraag hoe domeinexperts 
hun gedrag aanpassen en daarmee de blikweergave in EMME veranderen, wanneer ze 
worden geïnstrueerd om op een didactische of natuurlijke manier de aandacht van 
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lerenden in een EMME te leiden. Specifiek richtte deze studie zich op de vraag hoe het 
non-verbale gedrag van programmeurs verandert, zoals muisklikken en oogbewegingen 
die gevisualiseerd worden in de EMME. Tweeëntwintig experts en achttien beginnende 
programmeurs debugden eerst korte stukjes computercode zonder specifieke instructies 
terwijl hun oogbewegingen en muisklikken werden opgenomen. Daarna werd de groep 
experts geïnstrueerd om EMME te creëren, waarbij ze een groep beginnende leerlingen 
begeleidden door hun eerdere taakoplossingen op een begrijpelijke (didactische) manier 
uit te leggen. Uit de studie bleek dat het non-verbale gedrag van experts niet consistent 
veranderde wanneer ze de taak didactisch uitvoerden. Specifiek gingen experts meer lijken 
op beginnende programmeurs op maten die geassocieerd werden met geautomatiseerde 
taakverwerking (d.w.z. kortere fixatie duur). Experts leken echter minder op beginnende 
programmeurs te lijken wat betreft metingen die geassocieerd werden met meer 
strategisch gedrag wanneer ze instructie kregen om zich didactisch te gedragen (d.w.z. 
lineariteit van code lezen en klikken op de run-knop). De studie concludeerde dat 
experts hun natuurlijk voorkomende, non-verbale gedrag substantieel veranderen 
wanneer ze de opdracht krijgen om de leerlingen in een EMME op een didactische 
manier te begeleiden. Dit beïnvloedt op zijn beurt automatisch de karakteristieken van 
de EMME weergave, met onbekende effecten op het leren. 

Hoofdstuk 4 
De studie in hoofdstuk 4 bouwt voort op de bevindingen uit hoofdstuk 3 en had als doel 
de vraag te beantwoorden of en hoe het tonen van het natuurlijke versus het didactische 
gedrag van een (programmeer)expert in EMME van invloed is op de leerprestatie. In deze 
studie keken 64 deelnemers naar twee EMME-video’s waarin een programmeerexpert 
computercode corrigeerde op een natuurlijke of didactische manier. De verwachting 
was dat het observeren van het natuurlijke gedrag van een expert de cognitieve belasting 
voor de leerlingen zou verhogen en dus zou leiden tot een hogere mentale inspanning. 
Wat betreft de effecten van het modelgedrag op het leren, waren twee tegengestelde 
uitkomsten denkbaar. Aan de ene kant zouden beginnende leerlingen meer baat hebben 
bij het bestuderen van het didactische gedrag van een model, omdat het specifiek gericht 
is op het begeleiden van hen terwijl rekening wordt gehouden met hun lagere niveau 
van voorkennis (bv. Kirschner et al., 2006). Aan de andere kant zou het bestuderen van 
natuurlijk gedrag van experts de kennisabstractie van de leerlingen kunnen bevorderen 
en inzicht kunnen verschaffen in de authentieke taakoplossingsprocessen van experts 
(bijv. gebaseerd op Boekhout et al., 2010; Hinds et al., 2001). Deelnemers reageerden 
over het algemeen positief op het EMME-format. Er waren echter geen significante 
hoofd- of interactie-effecten van de verschillende soorten modelgedrag op de mentale 
inspanningswaardering (mental effort rating) of post-test prestaties van de deelnemers. 
De algemene discussie van dit proefschrift presenteert mogelijke verklaringen voor deze 
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onverwachte bevindingen, zoals het algemeen hoge niveau van didactische begeleiding 
in beide EMME-condities, bijvoorbeeld als gevolg van de extra muiscursor weergave 
van het model.

Hoofdstuk 5
De studie in Hoofdstuk 5 richtte zich op het vergelijken van de weergave van de 
muiscursor en de blikweergave (hier ‘gaze cursor’ genoemd) in EMME als hulpmiddelen 
die de EMME-modellen kunnen gebruiken om de aandacht van lerenden te sturen. 
Specifiek werd in dit hoofdstuk de vraag onderzocht hoe de presentatie van de gaze 
cursor in vergelijking met het tonen van de muiscursor in instructievideo’s als 
hulpmiddelen voor aandachtsturing het video leren beïnvloedt. Deze studie maakte 
gebruik van collegevideo’s over Business Process Model and Notation (BPMN, https://
www.omg.org/spec/BPMN/2.0/; Freund & Rücker, 2019), wat een manier is om 
bedrijfsprocessen te visualiseren in diagrammen. In tegenstelling tot het domein van het 
programmeeronderwijs, waren er tot op heden minder studies over het onderwijzen van 
BPMN met EMME (zie echter Winter et al., 2021). 124 deelnemers bestudeerden een 
onlinecollegevideo over BPMN, die werd gepresenteerd met of zonder de muiscursor 
van de docent en met of zonder zijn gaze cursor om de aandacht van de leerlingen te 
leiden. De verwachting was dat hoofdeffecten van het tonen van de gaze cursor en de 
muiscursor die de mentale inspanning van de deelnemers tijdens het bestuderen van de 
video zouden verminderen en hun post-test prestaties zouden verhogen. Deelnemers 
reageerden over het algemeen positief op het EMME-format, maar nog positiever 
wanneer de EMME geen muiscursor toonde. Het onderzoek vond echter niet de 
verwachte gunstige effecten van de muiscursor en gaze cursor op de beoordeling van 
de mentale inspanning van de deelnemers en hun leerresultaten. Mogelijke oorzaken 
voor deze bevinding, zoals het gebruik van zeer gestructureerd en didactisch voorbereid 
lesmateriaal en de online setting van het experiment, worden in het volgende hoofdstuk 
nader toegelicht.

Hoofdstuk 6
Hoofdstuk 6 bevatte een algemene bespreking van de in dit proefschrift gepresenteerde 
studies. In dit hoofdstuk werden eerst de belangrijkste bevindingen uit alle hoofdstukken 
samengevat en besproken, evenals gemeenschappelijke beperkingen. 

Verder werden in dit hoofdstuk mogelijke implicaties voor de onderwijspraktijk 
en toekomstige onderzoekers belicht. De resultaten van het systematische 
literatuuronderzoek geven implicaties voor eerste ontwerprichtlijnen voor het maken 
van EMME-materialen voor de onderwijspraktijk, maar concludeerden ook dat effecten 
van verschillende EMME-ontwerpkeuzes tot nu toe onvoldoende zijn onderzocht. De 
resultaten van de daaropvolgende empirische studies suggereren dat EMME-ontwerpers 
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enige vrijheid hebben in het ontwerp van hun video’s als het gaat om het gebruik van 
de gaze cursor, de muiscursor, of het begeleiden van lerenden door hun natuurlijke 
of meer didactische gedrag. Deze resultaten gelden echter niet noodzakelijk voor alle 
soorten instructievideo’s en toekomstig onderzoek is nodig om deze bevindingen te 
veralgemenen. Daarom moeten de empirische studies alleen worden beschouwd als een 
startpunt voor toekomstige studies over hoe EMME leren wordt beïnvloed door het 
opnemen van verschillende elementen voor het richten van de aandacht van lerenden. 

Ten slotte gaf de algemene discussie richtingen aan voor toekomstig onderzoek. 
Toekomstige EMME-studies zouden zich kunnen richten op andere situaties dan het 
leren met vooraf opgenomen video’s. Bijvoorbeeld, het tonen van blikweergaven zou 
ook gebruikt kunnen worden in echte onderwijssituaties om de aandacht van lerenden 
te sturen. Ook in deze situaties kunnen docenten andere hulpmiddelen gebruiken om de 
aandacht van lerenden te sturen, zoals een laserpointer of een traditionele aanwijsstok. 
Het zou interessant zijn om dergelijke hulpmiddelen voor het sturen van aandacht te 
vergelijken met het weergeven van EMME. Dergelijke onderzoeken zouden de studies 
van dit proefschrift uitbreiden door verschillende manieren van aandachtsbesturing 
verder te vergelijken en het EMME-onderzoek uit te breiden naar real-time settings in 
een authentieke, educatieve context.
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