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Abstract
Eye tracking technology is increasingly used to understand individuals’ non-con-
scious, moment-to-moment processes during video-based learning. This review 
evaluated 44 eye tracking studies on video-based learning conducted between 2010 
and 2021. Specifically, the review sought to uncover how the utilisation of eye track-
ing technology has advanced understandings of the mechanisms underlying effective 
video-based learning and what type of caution should be exercised when interpret-
ing the findings of these studies. Four important findings emerged from the analysis: 
(1) not all the studies explained the mechanisms underlying effective video-based 
learning through employing eye tracking technology, and few studies disentangled 
the complex relationship between eye tracking metrics and cognitive activities 
these metrics represent; (2) emotional factors potentially serve to explain the pro-
cesses that facilitate video-based learning, but few studies captured learners’ emo-
tional processes or evaluated their affective gains; (3) ecological validity should be 
improved for eye tracking research on video-based learning through methods such as 
using eye tracking systems that have high tolerance for head movements, allowing 
learners to take control of the pacing of the video, and communicating the learning 
objectives of the video to participants; and (4) boundary conditions, including per-
sonal (e.g. age, prior knowledge) and environmental factors (e.g. the topic of videos, 
type of knowledge), must be considered when interpreting research findings. The 
findings of this review inspire a number of propositions for designing and interpret-
ing eye tracking research on video-based learning.
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1 Introduction

Videos are becoming an increasingly important medium of instruction in edu-
cational contexts such as MOOCs, flipped classrooms, blended learning, and 
online training, particularly when teaching and learning are severely interrupted 
by COVID-19 (Cojean & Jamet, 2022; Deng & Benckendorff, 2021). Research 
supports that videos offer an advantage to student learning over textbook-style 
readings when used for pre-class content learning in flipped classrooms at univer-
sities (Jensen et al., 2018). In blended learning, university students who watched 
online instructional videos and participated in classroom teaching achieved bet-
ter performances than those who only received traditional face-to-face instruc-
tion (Expósito et al., 2020). Videos were also found to foster better learning per-
formance than static text and image-based materials in school settings (Chen & 
Wang, 2011). Researchers have undertaken a series of empirical studies to inves-
tigate how learning performance can be strengthened and optimised by designing 
effective videos (e.g. Arslan-Ari, 2018; Beege et  al., 2017; Tarchi et  al., 2021). 
However, these studies have inclined to focus on the impact of design on learning 
outcomes while lacking attention to individuals’ learning processes. This in turn 
results in an insufficient understanding of the mechanisms underlying effective 
video-based learning (Mayer, 2021).

To explain these underlying mechanisms, research has been conducted on the 
impact of the design of instructional videos on individuals’ learning processes. 
Self-reporting assessments such as surveys are adopted to make inferences about 
processes during video-based learning (Boucheix et  al., 2018; Fiorella et  al., 
2017; Hoogerheide et  al., 2015; Pan et  al., 2020; van Gog et  al., 2009). While 
these measures offer possible explanations for learning activities, they are less 
successful in documenting temporal fluctuations, non-conscious responses, and 
latent changes. Consequently, there is a need for measurements that directly 
capture individuals’ moment-to-moment learning processes. The eye tracking 
method, which has been extensively used by psychologists to investigate informa-
tion processing during reading (Gordon et al., 2006), has emerged as a promising 
tool for investigating processes in video-based learning. However, evaluating eye 
movements is particularly complex for dynamic stimuli such as videos (Madsen 
et al., 2021). Research has shown that design principles that apply to other for-
mats of learning materials may not work for instructional videos (Pi, Chen, et al., 
2020).

Eye tracking data are sometimes used as a proxy for learners’ cognitive activi-
ties such as paying attention to key elements in a video for further processing 
and incorporating new information into a coherent cognitive structure (Fiorella 
et  al., 2019). It is argued that ‘eye tracking…provides insight into processes 
underlying learning’ (Kok & Jarodzka, 2017, p. 119). In other words, eye track-
ing technology has the potential to offer effective explanations for how instruc-
tional videos facilitate or hamper learning outcomes. Although a growing number 
of scholars are deploying eye tracking technology in empirical studies (Colliot 
& Jamet, 2018; van Wermeskerken et  al., 2018), no studies have yet addressed 
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the following research question: How has the utilisation of eye tracking technol-
ogy and the interpretation of eye tracking metrics advanced our understanding 
of the mechanisms underlying effective video-based learning? This question is 
important: if eye tracking research does not provide robust explanations for how 
instructional videos facilitate or impede learning, then supplemental or alterna-
tive measurement strategies must be utilised to scrutinise learning processes. A 
relevant and equally important research question is: What caution needs to be 
exercised when interpreting findings of eye tracking research on video-based 
learning?

This review interrogated the literature to identify key variables (including eye 
tracking metrics) explored in eye tracking research on video-based learning, and cri-
tiqued the evidence for relationships between these variables using Biggs’ (1993a) 
presage-process-product (3P) model as an organisational framework. This work ena-
bles researchers and practitioners to better appreciate the pros and cons of utilising 
eye tracking technology for investigating video-based learning and the intricate rela-
tionships among eye tracking metrics, learning processes, and personal and envi-
ronmental factors. Moreover, the review evaluated where eye tracking research on 
video-based learning has been concentrated in the global context and where research 
opportunities for future studies lie.

Video-based learning is defined as a form of learning that enables individuals to 
acquire knowledge and skills through videos. The term ‘video’ conveys the same 
meaning as terms such as ‘instructional video’, ‘educational video’, ‘video lecture’, 
‘video tutorial’, ‘video education’, and ‘video modelling example’ used in multime-
dia learning research. This review defines eye tracking research as evidence-based 
studies that employ research-grade eye tracking systems and specialised data analy-
sis programmes to examine the positions and movements of an individual’s eyes.

2  Method

2.1  Narrative synthesis approach

This review adopted a narrative synthesis approach to summarise, analyse, and 
explain the data. Narrative synthesis is qualitative and relies primarily on using 
words and texts to synthesise the findings of multiple studies (Cook et  al., 1997). 
Although narrative synthesis often presents results in a non-numeric manner, the 
results may take numerical forms. As eye tracking research on video-based learning 
was heterogeneous for the key variables explored, statistical meta-analysis was not 
appropriate at this stage. Narrative synthesis produces new insights that reflect the 
plurality of educational topics (Arai et al., 2007). It was deemed that a narrative syn-
thesis approach would provide a richer and more fine-grained analysis of this topic.

Researchers began narrative synthesis by defining topics and target audiences. 
The broad topic (i.e. eye tracking research on video-based learning) is of interest to 
education researchers, academics, teachers, and practitioners such as video produc-
ers. This review employed a three-step article research process to identify the most 
relevant literature through database and manual journal searches. After identifying 
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the relevant literature, the study followed the narrative synthesis practices adopted 
in internationally recognised academic work (Boyle et al., 2014; Popay et al., 2005). 
This entailed utilising a conceptual framework, reading and rereading materials, 
identifying key variables and patterns across studies, and investigating the relation-
ships within and among studies. The present study adopted several tools and tech-
niques to categorise and evaluate articles, including textual descriptions, frequency 
distributions, tabulations, and groupings. The paper concludes with a discussion of 
and reflection on these articles.

2.2  Conceptual framework

The 3P model was utilised as an organisational framework to facilitate the evalua-
tion of eye tracking research on video-based learning, to group key variables that are 
conceptually and empirically similar, and to identify important relationships. Biggs 
(1993b) elaborates Dunkin and Biddle’s (1974) presage-process-product model and 
conceptualises relationships involving the student, teaching context, student learn-
ing processes, and learning outcomes. The model proposes that learning experience 
comprises three stages: presage, process, and product (Fig. 1). Presage factors exist 
prior to students’ engagement in learning. The two types of presage factors were stu-
dent and teaching context factors. Student factors are relatively stable and learning-
related characteristics of the student, such as intellectual abilities, preferred ways of 
learning, and prior knowledge. Teaching context factors are contextual and teach-
ing-related factors, such as course structure, assessment methods, and institutional 
climate. These two sets of presage factors interact at the process level and produce 
a particular teaching and learning mix that determines learning-focused activities 
(Biggs, 1993b). The interaction of these factors determines the product of learning, 
which can be described and evaluated quantitatively, qualitatively, and affectively. 
The heavy arrows in Fig. 1 indicate the main directional flow, and the flow between 
key factors is regarded as bidirectional (Biggs, 1993a).

The 3P model was adopted for this review because it heuristically outlines impor-
tant learning-related variables and their relationships from presage to process to 
product and provides scope for adaption to the context of video-based learning. 
Biggs (2003) indicated that the 3P model could be adapted to different learning 

Fig. 1  3P model of teaching and learning. (adapted from Biggs, 1993b)
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environments, and any identifiable factors that affect learning can be accommo-
dated in this model. In this review, student factors describe student characteristics 
that may affect video-based learning, such as social demographics, prior knowledge 
of video content, and prior interest in video content. The teaching context factors 
describe the characteristics of videos, such as video topic and length. Student and 
teaching context factors interact and codetermine learning-related activities at the 
process level, such as attention and engagement. The interaction among these factors 
determines the outcomes of video-based learning, such as academic performance 
and satisfaction.

2.3  Article search strategy

The researchers used two sets of search terms in six electronic academic databases: 
ScienceDirect, Springer, Taylor and Francis, Web of Science, Wiley, and Google 
Scholar. The first set narrowed the scope to studies that focused on video-based 
learning, and the second set narrowed the scope to studies that adopted eye track-
ing technology. For the first set, the researchers used search terms such as video 
lecture, instructional video, and educational video. For the second set, the research-
ers adopted both general terms (e.g. eye tracking, eye tracking, eye movement) and 
specific brands representing the application of eye tracking technology (e.g. Eye-
link, FaceLab, Tobii). The search terms were identified through exploratory search 
results; consultation with experts in the field of educational technology; and a review 
of titles, abstracts, and keywords of the identified articles. Examples of search terms 
are shown in Fig. 2. The operator ‘OR’ was used to separate the search terms within 
each set, and the operator ‘AND’ was used to combine the search terms in the two 
sets.

Fig. 2  Article search strategy
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The article search process followed procedures implemented in previous review 
studies (Deng et al., 2019, 2022) and contained three steps. In the first phase, the 
researchers examined the titles, abstracts, keywords, and research methods to deter-
mine whether an article should be included. Articles meeting the predetermined 
selection criteria were identified (Table 1). Articles which did not employ eye track-
ing technology to investigate video-based learning were not eligible for review (e.g. 
Fiorella et al., 2017). Nevertheless, these articles were used as background literature 
to help interpret the findings. Research-grade eye tracking systems often guarantee a 
sampling rate higher than 50 Hz and support specialised data analysis programmes. 
Articles which adopted off-the-shelf webcams to record learners’ eye movements 
and employed humans to assess and code gaze from video recordings were also 
excluded due to low sampling rates (e.g. Phillips et al., 2016). In the second phase, 
references from articles identified through the initial literature search were inspected 
to identify potentially relevant papers that had been overlooked during the data-
base search. Duplicated articles and those not meeting the selection criteria were 
eliminated from the pool. In the third phase, the researchers read and evaluated the 
full texts of the articles identified in the first and second phases to ensure that they 
addressed the research question and met the selection criteria. At the end of the 
selection process, the combined results from the database and manual journal search 
yielded 37 articles. As some articles contained more than one study, 44 studies were 
included in the analysis.

2.4  Analysis

Each article was treated as a basic unit of analysis. An overall synthesis table was 
produced after reading all the articles. The table contains descriptive informa-
tion such as authors, year of publication, journal name, title, location of the study, 
research objectives, and major findings. Drawing on the 3P model, the key variables 
investigated and reported were extracted from all the articles and recorded in the 
table. These variables were classified into one or more of four categories: student 
factors, teaching context factors, learning-focused activities, and learning outcomes. 
Each category comprised multiple subcategories. For example, the learning out-
comes category contained subcategories such as knowledge retention, knowledge 
comprehension, knowledge transfer, satisfaction, and perceived learning. Wang et al. 
(2020d) examined the impact of cues on learning processes and outcomes, and the 
outcomes were measured using retention and transfer tests. Key information about 
retention and transfer tests (e.g. question types and materials) were documented in 
the learning outcomes category and the knowledge retention and transfer subcatego-
ries of the table. This categorisation facilitated the identification of similarities and 
differences between articles. The labels of the subcategories were constantly refined 
and merged to better capture similarities and differences.

Patterns and themes were identified across the selected articles using an iterative 
rereading process. This process ensured that all important information was identified 
and analysed. The following section summarises and compares evidence related to 
the four categories in the adapted 3P model. To ensure an informative and concise 
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review, examples of reviewed articles were selected and displayed in tables to com-
plement the textual descriptions. Journal information regarding the reviewed studies 
is presented in Table 2.

3  Results

3.1  Student factors

All the reviewed studies reported the number, sex, age, and occupation of the par-
ticipants. The number of participants varied from 21 (Jarodzka et al., 2010) to 174 
(Pi et al., 2020b). The mean number of participants in the study was 68. The highest 
male-to-female ratio was 3:1 (Pi et al., 2017), and the highest female-to-male ratio 
was 8:1 (Pi et al., 2020a). The average age of the participants ranged from 12.1 (van 
Marlen et al., 2018) to 30.7 (Gegenfurtner et al., 2017). Age or occupation was not 
controlled for in eye tracking research on video-based learning because most of the 
studies were conducted with university students (n = 42). Only two studies recruited 
secondary school students (van Marlen et al., 2018) and high school students (Wang 
et al., 2016) as participants. No reviewed studies recruited participants from primary 
schools.

Thirty-two studies considered prior knowledge to be an important student factor. 
A variety of assessment methods, such as true or false (Pi et al., 2020a), multiple 
choice (Montero Perez et  al., 2015), fill-in-the-blank (Pi et  al., 2022), open ques-
tions (van Marlen et al., 2018), and Likert scales (Wang et al., 2020b), were used to 
measure participants’ prior knowledge of the video content. All 32 studies employed 
objective tests to assess the participants’ prior knowledge, with two exceptions. 
Gegenfurtner et  al. (2017) accepted participants’ own account of prior knowledge 
levels, and Wang et al. (2020b) used a subjective test by asking participants to self-
report their prior knowledge of video content. Such efforts served to increase the 
likelihood that different groups had a similar level of prior knowledge but could not 
guarantee equality. To ensure that prior knowledge did not exert undue influence 
on learning outcomes, the reviewed studies either operationalised prior knowledge 
as covariates (Wang et al., 2020a) or established that different groups did not dif-
fer in prior knowledge scores (Wang et al., 2020d). Video design interventions that 

Table 2  Journal information 
about the reviewed studies

Journal Frequency Percentage

Computers in Human Behaviour 7 15.91
Learning and Instruction 6 13.64
Computers & Education 5 11.36
Journal of Educational Psychology 3 6.82
The Proceedings of the National 

Academy of Sciences
3 6.82

Others 20 45.45
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work for people with higher domain knowledge may be ineffective for individuals 
who have lower levels of prior knowledge (Gegenfurtner et al., 2017), and vice versa 
(Krebs et al., 2019; van Marlen et al., 2018). Experimental research that does not 
assess or control for prior knowledge (e.g. Ouwehand et al., 2015) may potentially 
bias or attenuate the effect of the design intervention on learning outcomes.

3.2  Teaching context

The topic and length of videos have been descriptively reported in all the reviewed 
studies. The topic of videos differs widely among the reviewed studies and dem-
onstrate no distinct patterns, ranging from education (Pi et  al., 2019), psychology 
(Kruger & Steyn, 2014), and management (Wang et  al., 2016), to programming 
(Kokoç et  al., 2020), statistics (Wang et  al., 2020), and mathematics (van Marlen 
et al., 2018). Of the 44 studies, 35 retained the length of the video for < 10 min. The 
length of the videos was up to 44 min (Kruger & Steyn, 2014). One study did not 
disclose the length of the videos used in their study (Wang et al., 2019b). To ensure 
the accuracy of the eye tracking data, eight studies clearly indicated that a chinrest 
was used to minimise head movement, and twelve studies acknowledged that par-
ticipants were not allowed to pause or rewind while watching an instructional video.

The teaching context can also be interpreted from the perspective of being manip-
ulated and operationalised as independent variables in a controlled experiment 
(Table 3). This review classified these studies into three categories. The first research 
category explores the effects of an instructor’s presence in videos and accompany-
ing social cues on student learning. Research supports that videos featuring both the 
instructor and content enhance learning performance (Colliot & Jamet, 2018; Pi & 
Hong, 2016; van Gog et al., 2014) for both easy (Wang & Antonenko, 2017) and 
difficult topics (Wang et al., 2020b). This design principle was tested with videos 
on the topics such as attachment, Ebola, sleep, and mathematics, with a length of 
between 3 and 10 min. Eye tracking data indicate that the instructor-present videos 
resulted in more fixation counts, longer dwell time (Pi & Hong, 2016) and a higher 
percentage of fixation on the instructor (Wang & Antonenko, 2017), which suggests 
that the processing of the instructor’s image may have provided social cues to facili-
tate the processing of cognitively relevant information and elicit beneficial social-
emotional responses from learners (Wang et al., 2020b). That is, eye tracking met-
rics may have served as process factors, providing a way to explain the mechanism 
by which instructor presence affects learning performance.

However, the effects of instructor presence on learning remain inconclusive. 
van Wermeskerken and van Gog (2017) and van Wermeskerken et  al. (2018), for 
instance, found that the presence of an instructor had neither beneficial nor detri-
mental effects on learning performance. Even though instructor presence did not 
affect learning performance, it still increased the percentage of dwell time on the 
instructor (van Wermeskerken & van Gog, 2017). This observation suggests that 
while eye tracking metrics can reveal learners’ allocation of visual attention, these 
metrics cannot always explain why learning is facilitated or not. This is likely 
because learners’ allocation of visual attention conveys multiple cognitive meanings 
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that can be difficult to interpret solely relying on the analysis of global eye move-
ment measures such as dwell time.

When the instructor’s image is presented in videos, the influence of accompa-
nying social cues on student learning, such as the instructor’s eye gaze and ges-
tures, was further investigated. It is contended that the activation of social schemata 
trigged by social cues leads to (para-)social processes influencing all cognitive pro-
cesses in multimedia learning environments (Schneider et al., 2022). Research indi-
cates that instructors’ guided gaze promotes learners’ performance (Pi et al., 2020b). 
Similarly, a pedagogical agent using a handheld pointer that signals where to look 
on the screen also enhances learning performance (Wang et  al., 2018). Eye track-
ing data show that guided gaze (Pi et al., 2020b) and using a pointer (Wang et al., 
2018) contribute to a longer fixation time on the learning content. A plausible expla-
nation is that social cues effectively draw learners’ attention to important, relevant 
materials for cognitive processing, thereby improving students’ learning perfor-
mance. However, the effect of social cues on student learning is not always positive. 
Although the main effect of guided gaze on learning was reported to be significant 
(Pi et al., 2020b), a combination of guided gaze and a surprised face was found to 
decrease learners’ dwell time on the learning content and subsequently their per-
formance (Pi et al., 2021). These findings highlight the importance of considering 
the possible interaction effects between embedding social cues and applying moti-
vational strategies in instructional videos, which instead of benefitting, may hamper 
learning processes and outcomes.

Eye tracking metrics shed light on visual attention distribution that explains 
why learning performance was facilitated or hindered. However, eye tracking met-
rics alone may not show whether individuals who spent more time looking at task-
relevant areas successfully processed this information and that this would facili-
tate learning. The combination of two or more social cues, such as the instructor’s 
guided gaze and pointing gestures, was found to effectively direct learners’ visual 
attention to task-relevant areas but had no effect on learning performance (Ouwe-
hand et al., 2015), highlighting the necessity to perform a more nuanced analysis of 
eye movement indicators and/or using additional measures to comprehend the mean-
ing behind visual attention distribution.

The second category of research explores the effects of non-social cues, such as 
video captions, textual cues, and visual cues, on learning performance. For instance, 
Montero Perez et al. (2015) found that learners who watched videos showing key-
word captions outperformed their counterparts who watched videos with full cap-
tions in a retention test. Eye tracking data demonstrated that the former group had a 
longer total fixation duration for target words. These findings signal that the relation-
ship between captioning and retention performance is mediated by the allocation of 
visual attention. However, it is worth noting that Montero Perez et al.’s (2015) study 
was undertaken in the context of second language acquisition, where learning novel 
words was given a high priority, and when learners were informed of an upcom-
ing test. The design principle may not be generally applicable. A longer total fixa-
tion duration contains multiple layers of cognitive significance, such as increased 
intention to acquire knowledge and processing problems. To accurately interpret 
allocation of visual attention, additional eye movement indicators (e.g. second pass 
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time) and complementary measures (e.g. think-aloud protocols) (Gegenfurtner et al., 
2017) are worth consideration.

Eye movement indicators revealed visual attention processes that helped to 
explain why learning performance was impacted. For example, Wang et al. (2020d) 
found that visual cues were more effective in prompting learners’ performance than 
no cues, whereas de Koning et al. (2010) did not observe such a difference. A pos-
sible explanation is that Wang et  al. (2020d) designed dynamic lines, highlighted 
colouring, and moving dots to serve as visual cues, which helped learners pinpoint 
the exact location of key information. In comparison, de Koning et al. (2010) used 
spotlight cues, which may have limited the size of the content area learners focused 
on, but failed to guide processing cognitively relevant information within this area. 
This conjecture is substantiated by eye tracking data: visual cues comprising lines, 
colouring, and dots reduced the time of the first fixation to the cued areas (Wang 
et al., 2020d), whereas in de Koning et al.’s (2010) study spotlight cues increased 
attention but not necessarily to cued areas. Jarodzka et al. (2012), by contrast, found 
that spotlight cues enhanced learning performance. The varying effectiveness of 
spotlight cues can be explained by eye tracking metrics showing that spotlight cues 
in Jarodzka et al.’s (2012) research prompted students to look significantly earlier, 
not longer, at all relevant cued parts. This result is in line with Chisari et al.’s (2020) 
finding that translucent blue dots helped learners to look faster at referenced infor-
mation, thereby improving learning outcomes. Despite the inconsistency in study 
results and the type of visual cues employed, eye tracking metrics provided a way 
to explain how timely selection of the right information mediates the effect of non-
social cues on learning performance.

The last research category explores the effects of motivational strategies on stu-
dent learning. Montero Perez et al. (2015), for example, revealed a significant posi-
tive effect on retention performance by announcing an upcoming test to students. 
Specifically, eye tracking data showed that individuals who received a test announce-
ment showed longer second pass reading times, indicative of the reanalysis of target 
words, outperformed those who were not informed. This is aligned with Madsen 
et al.’s (2021) finding that individuals in the incidental learning condition had lower 
attentional levels than those in the intentional learning condition, resulting in less 
correlated eye movements across learners. These results indicate that motivational 
factors may play a prominent role in video-based learning.

However, eye tracking metrics alone may not always explain how motivational 
strategies mediate learning. For instance, research shows that instructors with happy 
faces1 improved learning performance (Pi et  al., 2022). Despite the improvement, 
eye tracking data revealed that a happy face did not lead to a longer dwell time on 
the content or the instructor area (Pi et  al., 2022). This observation suggests that 
factors beyond the allocation of visual attention may have mediated the learning pro-
cess. In other words, researchers may need to consider factors beyond the allocation 

1  The instructor having a happy face is considered a motivational strategy instead of a social cue. This is 
because happy faces do not have a directive function. That is, they do not direct learners’ visual attention 
to task-relevant areas at the right time.
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of visual attention when identifying the principles of effective video design and use 
alternative measures to capture individuals’ emotional and motivational processes 
during video-based learning.

3.3  Learning‑focused activities

Eye tracking data were used in all the reviewed studies to investigate the learning 
processes. Prior to analysing the eye tracking data, one or more areas of interest 
(AOIs) were predetermined by researchers to select specific regions of the video 
material and extract metrics specifically for those regions. The selected AOIs dif-
fered among the reviewed studies, but common AOIs were the instructor area, social 
cues, content area, non-social cues, progress bar, caption area, blank area of the 
screen, and entire screen.

Table 4 illustrates eight eye tracking metrics used more than once in the reviewed 
studies to capture the learning processes and the definition of each metric. The most 
frequently used metric is dwell time, which depicts the total amount of time spent 
looking at an AOI. This metric is strongly correlated with the fixation count (Tullis 
& Albert, 2013), which is measured by counting the number of fixations on an AOI. 
This correlation explains why many scholars report either dwell time or fixation 
count, but not both (e.g. Stull et al., 2018). The reviewed studies used dwell time 
more frequently than the fixation count. This is likely because instructional videos 
contain dynamic content, and eye movements such as ‘smooth pursuit’ cannot be 
appropriately captured by using the number of fixations. An increased dwell time 
and fixation count can imply complexity, engagement, or interest (Geisen & Romano 
Bergstrom, 2017). Percentage of dwell time and percentage of fixations serve similar 
purposes, except that they capture relative rather than absolute attention allocation.

Fixation transitions, which describe the frequency of transitions between AOIs, 
were also repeatedly used in the reviewed studies. Fixation transitions can be used 
to infer learners’ attempts to establish connections between pieces of information 
or challenges encountered by learners when coordinating multimedia elements 
(Alemdag & Cagiltay, 2018). Additionally, average fixation duration indicates how 
long the average fixation lasted, and a longer duration often indicates that individu-
als spend more time analysing the content or expend more effort to solve the task 
(Sharafi et al., 2015). Time to first fixation represents the amount of time taken to 
first pay attention to specific AOIs in a video scene. It can provide information about 
learners’ visual search speed or how certain aspects of the scene are prioritised 
(Neta et  al., 2017). Fixation dispersion represents how fixations are spread across 
a scene, and can be used to signify an internal deviation in the content of thoughts 
from ongoing tasks (Faber et al., 2020).

Most reviewed studies used eye tracking metrics as a proxy for the allocation of 
visual attention but under various terms, including but not limited to: ‘attentional 
resources’ (Montero Perez et al., 2015, p. 323) ‘attentional bias’ (Ouwehand et al., 
2015, p. 85), ‘amount of attention’ (van Wermeskerken & van Gog, 2017, p. 100), 
‘attentional dynamics’ (Wang & Antonenko, 2017, p. 87), ‘attention allocation’ (Pi, 
Xu, et al., 2020, p. 5), ‘visual attention distribution’ (Wang et al., 2020b, p. 2), and 
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‘attentional state’ (Madsen et al., 2021, p. 1). The reviewed studies provide evidence 
that eye tracking technology can identify what information is visually attended to by 
the learner and for how long, thereby detecting attention during video-based learn-
ing. However, many scholars have not only considered eye tracking metrics as an 
indication of the allocation of visual attention, but also learners’ cognitive processes 
(e.g. Pi & Hong, 2016; Wang et al., 2019b). This is based on the eye-mind assump-
tion, which posits that there is no appreciable delay between what is being fixated on 
and what is being processed by the learner (Just & Carpenter, 1980).

Researchers commonly interpret the cognitive meaning of the same eye tracking 
metric differently. For instance, Krebs et  al. (2019) and Wang et  al. (2020) inter-
preted the number of fixation transitions between two AOIs as the cognitive pro-
cess of organising and integrating information that would benefit learning, whereas 
Wang et al. (2020b) considered the same measure as the amount of split attention 
that could harm learning. While an increase in fixation count may imply that an 
AOI is prominent (Kokoç et al., 2020), the same metric can also represent a higher 
level of difficulty when processing an AOI (Wang et al., 2019b). A longer fixation 
duration on an AOI can evince the investment of more cognitive resources (Pi et al., 
2020a), but it can also be used to approximate mind-wandering (Jang et al., 2020).

These discrepancies are not surprising, given that interpretation of eye tracking 
metrics often depends on the context of each study. However, researchers have some-
times failed to provide strong justifications as to why the eye tracking metrics they 
used can represent cognitive processes they assumed to reflect. For instance, Wang 
et  al. (2020b, p. 6) utilised ‘the number of transitions between the two [AOIs] to 
understand the amount of split attention’ without explaining why this metric repre-
sented split attention, not information integration. Wang et al. (2020d, p. 6) consid-
ered ‘transitions between…AOIs as an indication that represented attempts at organ-
ising and integrating information’ because ‘in previous studies, transition measures 
were used to represent attempts at organising and integrating information’. Simi-
larly, Krebs et al. (2019, p. 132) interpreted the same metric as an indicator of the 
learners’ attempts to integrate information, which was ‘based on previous research’. 
Deducing cognitive processes directly from eye movement indicators without elabo-
rating on why the used indicators can represent the cognitive processes runs the risk 
of confabulating the cognitive meaning of eye tracking metrics and deriving erro-
neous working mechanisms. The actual cognitive meaning behind these eye track-
ing metrics awaits further clarification, empirical validation, and methodological 
triangulation.

This review shows that eye tracking metrics provide a way to explain the mecha-
nisms underlying effective video-based learning that otherwise would be difficult to 
discover through traditional measurement approaches. For instance, Pi et al. (2020b) 
revealed that learners watching instructional videos with a guided gaze showed an 
improved learning performance against individuals viewing the video with a direct 
or averted gaze; here, the guided gaze encouraged learners to pay more attention to 
important, task-relevant areas. Despite its potential usefulness, not all the reviewed 
studies successfully explained the mechanisms underlying effective video-based 
learning through utilising eye tracking technology. Zhang et  al. (2022), for exam-
ple, found that learners achieved better performance when the instructor appeared 
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on the right side of the instructional video compared to those without an instruc-
tor on screen; however, eye tracking metrics provided no evidence that having the 
instructor on the right side prompted learners to pay more attention to the learning 
content or make more meaningful transitions between the learning content and the 
instructor. Wang et al. (2020b) found that instructor presence positively influenced 
learning performance for the difficult topic video yet did not affect learning per-
formance for the easy topic video; however, eye tracking metrics indicated that the 
instructor attracted more fixations and a longer dwell time in both difficult and easy 
topic videos. In other words, analysing eye tracking metrics alone cannot explicate 
the mechanism by which instructor presence enhances learning performance (or lack 
thereof) in videos with varying levels of difficulty.

In addition to the eye tracking approach, self-report measures were adopted to 
explore the learners’ experiences and complement eye movement measures. Table 5 
displays the four psychological constructs used more than once in the reviewed stud-
ies and their definitions. The most frequently measured construct is cognitive load, 
which in this context evaluates the mental resources learners perceive to have used 
in working memory to comprehend the content of instructional videos. Wang and 
Antonenko (2017) and Wang et  al. (2020b), for example, revealed that instructor 
presence reduced cognitive load when students were learning from instructional 
videos. That is, self-report measures explained how the effect of instructor pres-
ence in videos on learning performance was mediated by the reduction in cognitive 
load. Furthermore, the positive effect of the instructor appearing on the right side of 
the screen on learning performance was explained by students’ self-report motiva-
tion, not eye tracking metrics (Zhang et al., 2022). Although the discrete nature of 
self-report data implies that the temporality of learners’ non-conscious processes is 
ignored, they serve to capture individuals’ perceptions of the learning process and 
exist as an alternative avenue to explain why a video design intervention improved 
the learning outcome. Self-report measures also help rule out mechanisms that do 
not apply. For example, the effects of the instructor’s face (Colliot & Jamet, 2018) 
and facial expression (Pi et al., 2021) on learning performance cannot be explained 
by the medium of learners’ subjective ratings of social presence. As such, self-report 
measures should not be dismissed when investigating learning-focused activities 
during video-based learning.

The reviewed studies also assessed learners’ social presence, engagement, and sit-
uational interest using a self-reporting approach. Social presence, engagement, and 
situational interest are distinct sets of psychological constructs; however, they all 
touch the affective or emotional aspects of learning to varying degrees. For instance, 
Colliot and Jamet (2018, p. 1423) measured social presence based on a semantic 
differential scale ‘cold-warm’; Zhang et al. (2020, p. 452) assessed engagement on 
a Likert scale by asking learners to indicate the degree to which ‘the material cov-
ered…was interesting’; and Wang et al. (2020b, p. 146) evaluated situational inter-
est on a Likert scale and asked respondents to rate the level of agreement with the 
statement ‘I am willing to watch more videos like this because it is exciting…’. This 
observation highlights that emotion could be a salient factor that mediates learn-
ing processes in video-based learning. Despite its potential usefulness, only seven 
studies attempted to capture learners’ self-reported emotional state. Measurement 
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of other affective outcomes, such as change in affect (Wong & Adesope, 2021), was 
not observed in the reviewed studies. None applied physiopsychological measures to 
track changes in learners’ continuous emotion during video-based learning.

3.4  Learning outcomes

This review categorises learning outcomes based on knowledge tests and self-report 
measures. Knowledge tests are considered more objective than self-report meas-
ures and are used to determine whether participants have shown discipline-specific 
cognitive learning gains after viewing an instructional video. This review further 
divided knowledge tests into retention, comprehension, and transfer tests. Retention 
tests are a form of testing that estimates learners’ memory of the material and nor-
mally involves the task practiced during an acquisitional phase (Seel, 2012); com-
prehension tests assess learners’ ability to read and mentally grasp the meaning of 
information (Conradie & Frith, 2000); and transfer tests measure the transferability 
of what was learned in practice conditions to a novel situation (Seel, 2012). It is gen-
erally accepted that knowledge retention is less cognitively complex than knowledge 
comprehension, which in turn is less intricate than knowledge transfer (Krathwohl, 
2002). This review showed that knowledge acquisition was assessed at all three lev-
els of retention (n = 27), comprehension (n = 15), and transfer (n = 26).

Of the 44 studies, 41 used knowledge test scores as learning outcome indicators. 
Twelve studies adopted a single test type to assess knowledge retention, comprehen-
sion, or transfer. Twenty-nine studies combined two test types to measure knowledge 
retention and transfer (e.g. Wang et al., 2020b), knowledge retention and comprehen-
sion (e.g. Stull et al., 2018), and knowledge comprehension and transfer (e.g. Pi & 
Hong, 2016). However, these studies tended not to disclose the cognitive objective 
that the participants were expected to achieve after watching a video. Instructional 
videos are produced to help learners perform tasks at various levels of cognitive 
complexity, ranging from less cognitively complex tasks, such as recalling previ-
ously learned information to drawing out factual answers (Xiang & Miller, 2020), 
to more cognitively complex tasks, such as applying previously learned knowledge 
on new scenarios (Garrett, 2021). Transparent reporting of the educational objec-
tives of a video and the rationale for adopting a certain type of knowledge test can 
contribute to clarity and validity and assist the reader in understanding the cognitive 
level at which video design principles may apply.

Compared to objective testing, fewer studies have adopted self-report meas-
ures for evaluating learning outcomes. Self-report measures were either used alone 
(J. Wang et  al., 2019) or in conjunction with knowledge tests (Stull et  al., 2018). 
This review divided self-report measures into learner satisfaction (n = 5), percep-
tions of the instructor (n = 2), and perceived learning (n = 2). Learner satisfaction 
is derived by asking individuals to rate the overall quality of their educational expe-
rience (Benton & Cashin, 2014); perceptions of the instructor provide information 
regarding learners’ subjective feelings towards the instructor (Harnish & Bridges, 
2011); and perceived learning represents changes in people’s perceptions of knowl-
edge and skills before and after the learning experience (Calvo-Ferrer, 2017). 
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Perceived learning was operationalised as an outcome indicator to assess cognitive 
gain. Learner satisfaction and perceptions of the instructor, on the other hand, were 
operationalised as learning outcome indicators to assess participants’ affective gains, 
which are viewed by some educators as an equally important educational outcome 
(Rogaten et al., 2019). Evaluating affective outcomes could be particularly impor-
tant in research exploring the effectiveness of design interventions orchestrated to 
arouse learners’ social-emotional responses (e.g. Wang et al., 2018), which are also 
likely to affect cognitive processes during video-based learning. This effort may 
help identify factors that facilitate or impede video-based learning from emotional 
and motivational perspectives.

4  Discussion

This review adopted a narrative synthesis approach to analyse and critique 44 eye 
tracking studies on video-based learning. The review moves the field forward by 
making four important contributions.

First, it shows that not all the studies managed to explain the mechanisms under-
lying effective video-based learning through employing eye tracking technology. 
The instructor’s image, for instance, attracted a substantial amount of visual atten-
tion from learners irrespective of whether their learning performance was improved 
(e.g. Colliot & Jamet, 2018) or not (e.g. van Wermeskerken & van Gog, 2017). Such 
ambiguity highlights the necessity of introducing additional measures to explain 
the underlying mechanisms. The review identified that self-report methods exist as 
an alternative avenue to explain why a video design intervention could enhance the 
learning outcome when eye tracking technology fails to fulfil the task (e.g. Zhang 
et  al., 2022). Variables such as cognitive load (e.g. Wang & Antonenko, 2017) 
have been measured through self-report methods and used in association with eye 
tracking data to probe the learning process and explain the working mechanisms of 
instructional videos. However, adopting self-report measures to capture the learn-
ing process is subject to measurement problems such as social desirability bias (Pi 
et al., 2017) and floor effect (Wang et al., 2020b), which may attenuate the effect of 
interventions on learning outcomes. These potential weaknesses call for non-inva-
sive physiopsychological measures to complement eye tracking and self-report data 
when investigating the mechanisms underlying effective video-based learning, such 
as utilising electroencephalography to continuously assess learners’ cognitive load 
(Wang et al., 2020c).

In addition, this review shows that few studies disentangled the complex rela-
tionship between eye tracking metrics and the cognitive activities these metrics 
represent. Researchers have challenged the eye-mind assumption through empirical 
investigations, maintaining that the interpretation of eye tracking parameters should 
depend on the context in which they are applied, and under certain circumstances, 
these parameters do not align with learners’ cognitive processes (Faber et al., 2020; 
Schindler & Lilienthal, 2019; Wu & Liu, 2022). Although several reviewed studies 
asserted that they were firmly based on the eye-mind assumption, few have disentan-
gled the complex relationship between eye tracking metrics and cognitive activities 
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these metrics truly represent; rather, they come up with ad hoc explanations for the 
observed set of eye movement indicators. Eye movement indicators reflect ‘ongo-
ing processes to the extent that the processes depend on the encoding of informa-
tion’ (Anderson et al., 2004, p. 230). Because these indicators can mirror the com-
bined effects of several ongoing cognitive processes (Anmarkrud et al., 2019; Kok 
& Jarodzka, 2017), deciphering the cognitive meaning of learners’ visual attention 
distribution based solely on eye tracking technology can be difficult. Future research 
could triangulate eye tracking data with additional measurement approaches, such as 
cued retrospective reporting (Bender et al., 2021), to minimise ambiguity and avoid 
misinterpretation of eye movement indicators.

Second, this review found that emotional factors can potentially explain the pro-
cesses that facilitate video-based learning, yet few studies captured learners’ emo-
tional processes and evaluated their affective gains. Motivational strategies, such as 
instructors showing a happy face in videos (Pi, Chen, et  al., 2020), did not influ-
ence learners’ allocation of visual attention but still improved learning performance. 
Informing students about upcoming tests (Montero Perez et al., 2015), for example, 
motivated learners to invest additional cognitive resources when watching instruc-
tional videos. This observation supports Moreno’s (2006) cognitive-affective theory 
of learning with media, which posits that motivational factors can mediate learning 
processes by increasing or decreasing cognitive engagement. The observation also 
reflects Plass and Kaplan’s (2016) integrated cognitive-affective model of learning 
with multimedia, maintaining that affective processes are inseparable from cogni-
tive processes. Empirical research has also shown that individuals can recognise the 
emotions portrayed by an instructor in video lectures (Lawson et  al., 2021b), and 
they perform better on learning outcome tests when the instructor in the video is 
more emotionally appealing (Lawson et al., 2021a).

Several reviewed studies attempted to identify the affective processes during 
video-based learning. Specifically, social presence (Colliot & Jamet, 2018), situ-
ational interest (Zhang et al., 2020), and emotional engagement data (Wang et al., 
2020b) were assessed alongside eye tracking metrics to identify aspects of affective 
experiences that were not captured by eye tracking devices. Survey questionnaires 
and Likert scales were employed to ask respondents to self-report their affective 
state after watching a video. Although self-report measures have advantages such as 
low cost, accessibility, and ease of administration, they have limitations when evalu-
ating affective processes in video-based learning. In a multimedia learning context, 
individuals’ affective experiences tend to be continuous and dynamic. The affective 
state captured by filling out the survey at a single point in time (see for example 
Deng et al., 2020) does not represent learners’ emotional experiences in the entire 
learning process, nor can it reflect the ups and downs of the affective process (Plass 
et  al., 2014). A meta-analysis failed to identify the mechanism by which colours 
and anthropomorphisms affect learning outcomes, because most multimedia learn-
ing studies did not use continuous process measures or conduct mediation analyses 
(Brom et al., 2018).

Moreover, affective processes differ from cognitive ones. Learners are capable 
of reconstructing cognitive processes, whereas the temporality of emotions sug-
gests that the reconstruction of affective processes is more difficult (Le et al., 2018). 
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Furthermore, learners can be influenced by social desirability bias, speculate on 
research objectives, and hide their true feelings, further affecting the accuracy of 
self-reported ratings of experienced emotions. In view of these potential limitations, 
future research could employ physiological measurements, such as facial electromy-
ography (Lackmann et al., 2021) and electrocardiography (Parong & Mayer, 2021), 
to detect individuals’ affective experiences and combine cognitive, emotional, and 
behavioural data to further identify factors that facilitate or impede video-based 
learning.

Third, this review highlights the necessity of improving ecological validity when 
conducting eye tracking research on video-based learning. The results showed that 
eight studies required learners to sit in front of an eye tracking device with their head 
positioned in a chin rest to minimise head movement (e.g. van Marlen et al., 2018), 
and eleven studies did not allow learners to pause, rewind, or take notes while view-
ing a video (e.g. Wang et al., 2020b). Such research settings are very different from 
authentic learning contexts. Students confront various distractors and engage with 
other tasks while watching instructional videos in authentic learning environments 
(Alemdag, 2022). In autonomous, self-directed, and independent learning environ-
ments, such as flipped classrooms and MOOCs, it is extremely rare for learners to 
keep their heads still and be prohibited from interacting with the video content in 
any form. Interactivity is a key factor in the management of cognitive resources in 
the context of video-based learning, and the absence of interactivity in experimental 
research implies that recommendations for the design of instructional videos may 
not be generalised (Bétrancourt & Benetos, 2018).

This review also showed that the outcomes of video-based learning were assessed 
at various cognitive levels, such as knowledge retention, comprehension, and trans-
fer. However, the reviewed studies did not disclose the learning objectives that the 
participants were expected to achieve after watching a video. This can deviate from 
natural teaching environments, where the intended outcomes for a lesson or unit are 
often stated before learning takes place (Biggs, 2014). To enhance ecological valid-
ity, it is contended that activities, time, physical space, roles, and perceptions be 
considered when designing and conducting research (Frey, 2018). Future research 
should strive to strengthen the degree of correspondence between the research set-
tings and the phenomenon being investigated, such as using eye tracking systems 
that have a high tolerance for head movements, allowing learners to take control of 
the pacing of the video, and communicating learning objectives to participants at the 
beginning of the video.

Finally, this review highlights that boundary conditions must be considered when 
interpreting research findings. A revised 3P model was developed to reflect the key 
variables and relationships extracted from 44 eye tracking studies on video-based 
learning (Fig.  3). While scholars frequently manipulated the instructor’s presence 
and social cues, non-social cues, and motivational strategies to predict learning-
focused activities and learning outcomes, they tended to only provide descriptive 
reports of many student factors (e.g. age and occupation) and teaching context 
variables (e.g. topic and length of videos); to date, the correlations between these 
variables and other teaching and learning factors remain largely unknown. This is 
not consistent with the original 3P model and Biggs’ proposition that teaching and 
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learning factors are not static but interact with each other at different stages of learn-
ing (Biggs et al., 2001). The exploration of boundary conditions is intertwined with 
the theory development process—boundary conditions should not only be perceived 
as an amendment to theory but also a means for theory development (Busse et al., 
2017). Some of the descriptively reported variables may be important boundary 
conditions in determining how video design principles work across different types 
of learners and teaching contexts.

The boundary conditions that require consideration include learner characteristics 
(Mayer, 2021), such as age and prior knowledge. This review provides unambiguous 
evidence that eye tracking research on video-based learning is primarily conducted 
with university students. This finding coincides with Alemdag and Cagiltay’s (2018) 
and Çeken and Taşkın’s (2022) observation that college students are the main par-
ticipant group in broader multimedia learning research. Due to differences in age, 
literacy, and academic progress, video design principles that are effective for uni-
versity students may not be equally efficacious for other learner categories. The lit-
erature has revealed that multimedia learning strategies that are effective for univer-
sity students, such as providing graphical representations and cued texts (McTigue, 
2009), incorporating motion and signalling in PowerPoint presentations (Schrader 
& Rapp, 2016), using peers for video explanation and demonstration (Hoogerheide 
et al., 2016), and training learners to actively link verbal and pictorial information 
(Hoch et al., 2021) have a limited effect on K-12 students. These differences high-
light the importance of identifying boundary conditions and testing the video design 
principles that worked for university students in pre-college populations instead of 
indiscriminately applying pre-existing ones.

Other boundary conditions that require consideration are environmental fac-
tors, such as the topic of videos and type of knowledge. The topics of videos varied 
substantially across the reviewed studies, yet no studies have probed the interactive 

Fig. 3  Key variables and relationships extracted from the reviewed studies



7695

1 3

Education and Information Technologies (2023) 28:7671–7702 

effects of design principles with the topic of videos on student learning. This raises 
concerns about the transferability of video design principles. The preferred way of 
disseminating knowledge and skills through instructional videos can vary signifi-
cantly across academic disciplines: arts and humanities disciplines show a predi-
lection for a person-centric video style, science and technology disciplines favour a 
media-centric video style, and social sciences disciplines display a preference for a 
balance between person-centric and media-centric video styles (Santos Espino et al., 
2016). These preferences are likely to be rooted in the intrinsic properties of discipli-
nary content. Future research could explore whether a design principle proven robust 
in a discipline holds valid in an entirely different area. A shift in the type of knowl-
edge transmitted through instructional videos can also render an established design 
principle obsolete. For example, empirical research has shown that the instructor’s 
image facilitates the learning of declarative knowledge but interferes with proce-
dural knowledge (Hong et  al., 2018). A recent meta-analysis has also shown that 
visual cues were most beneficial to learning performance when non-procedural tasks 
were taught in instructional videos (Xie et al., 2021). Practitioners need this contex-
tual information to determine the boundary conditions for video design principles 
to be effective. Therefore, it is important for scholars to not only state for whom the 
video design principles are potentially effective but also explore the teaching cir-
cumstances and learning opportunities where these principles work the best.

5  Conclusion

Video-based learning is becoming increasingly prevalent in an era in which edu-
cational technology, multimedia learning, and the democratisation of education are 
valued in society (Madariaga et al., 2021; Sablić et al., 2021). To explain the under-
lying mechanisms that facilitate video-based learning, a growing number of empiri-
cal studies have used eye tracking technology to capture learners’ unconscious, 
moment-to-moment processes when watching instructional videos. This begs con-
sideration of how the utilisation of eye tracking technology and the interpretation 
of eye movement indicators have improved our understanding of the mechanisms 
underlying effective video-based learning and what caution needs to be exercised 
when interpreting findings of eye tracking research on video-based learning. To 
address these research questions, this review evaluated 44 eye tracking studies on 
video-based learning conducted between 2010 and 2021. The findings of this review 
suggest that eye tracking metrics are not a panacea for analysing non-conscious 
processes during video-based learning. Not all the reviewed studies successfully 
explained the mechanisms underlying effective video-based learning through uti-
lising eye tracking technology, and few reviewed studies disentangled the complex 
relationship between eye tracking metrics and cognitive activities these metrics rep-
resent. While emotion plays a critical role in multimedia learning environments, 
learners’ emotional processes and affective gains were often ignored. When inter-
preting findings of eye tracking research on video-based learning, it is imperative 
that researchers and practitioners pay close attention to the ecological validity and 
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boundary conditions of video design interventions that have been proven effective in 
existing studies.

This review has important implications for researchers. Specifically, its key find-
ings inspire a number of propositions for designing and interpreting eye tracking 
research on video-based learning. Firstly, researchers should use additional physi-
opsychological and/or self-report measures in conjunction with eye tracking devices 
to explain the mechanisms underlying effective video-based learning. Similarly, it 
is critical that researchers use triangulation to disentangle the relationship between 
eye tracking metrics and the cognitive activities these metrics represent, rather than 
coming up with ad hoc explanations for the observed set of eye movement indica-
tors. Secondly, researchers should consider capturing learners’ continuous and 
dynamic affective processes while they watch instructional videos to investigate the 
emotional factors that may potentially mediate learning with instructional videos. 
Thirdly, it is important for researchers to strengthen the ecological validity of eye 
tracking research on video-based learning; for example, they may use eye tracking 
devices with a high tolerance for head movements, allow learners to take control 
of the pace of the video, and communicate the learning objectives of the video to 
participants. Finally, researchers should consider boundary conditions, including 
personal (e.g. learners’ prior knowledge of videos) and environmental factors (e.g. 
the type of knowledge transmitted through videos) when interpreting findings. Prac-
titioners such as teachers and video production managers also need this contextual 
information to determine when to apply established principles to the design and pro-
duction of instructional videos.

6  Limitations

This review highlighted a number of opportunities for advancing the field. However, 
several limitations should be kept in mind when considering the findings of this 
review. While the 3P model of teaching and learning has provided a useful heuristic 
tool for organising and interrogating literature, adopting a different research frame-
work may provide additional insights. In addition, this review adopted a deductive 
approach and superimposed the key variables in the model. For instance, given that 
situational interest is a psychological state characterised by increased affect, atten-
tion, and concentration during learner engagement (Quinlan, 2019) and is often 
operationalised as a learning process variable (Linnenbrink-Garcia et al., 2013), this 
review categorised situational interest as a process factor. This categorisation pro-
cess may introduce ontological constraints. Other strategies may be used to explore 
this topic: future research could apply alternative frameworks or adopt a more 
inductive approach towards organising and analysing the literature. In addition, the 
selection criteria used in this review allowed the researchers to capture a representa-
tive selection of scientific studies on the topic of interest. An analysis of conference 
papers, dissertations, and sources published in languages other than English may 
yield slightly different results. Future studies should adopt different selection criteria 
to evaluate eye tracking research on video-based learning.
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