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Using Eye Tracking Technology to Analyse Cognitive Load in Multichannel
Activities in University Students

Mar�ıa Consuelo S�aiz-Manzanaresa , Ra�ul Marticorena-S�anchezb , Luis J. Mart�ın Ant�onc ,
Irene Gonz�alez-D�ıeza , and Miguel �Angel Carbonero Mart�ınc

aDepartment of Health Sciences, University of Burgos, Burgos, Spain; bDepartment of Computer Engineering, University of Burgos, Burgos,
Spain; cDepartment of Psychology, University of Valladolid, Valladolid, Spain

ABSTRACT
Monitoring through the use of eye-tracking technology helps in understanding the cognitive load
learners experience when doing tasks. This data gives the teacher and the student important
information for improving learning outcomes. This study examined whether students’ participation
in a learning virtual laboratory, with a self-regulated video monitored with eye-tracking, would
influence their learning outcomes. It also examined whether students’ prior knowledge affected
their learning outcomes. Lastly, the study identified clusters related to cognitive load in relevant
Areas of Interest vs. non-relevant Areas of Interest. The sample comprised 42 university students
of health sciences. The results indicate that participation in the virtual laboratory was related to
better learning outcomes. In addition, prior knowledge did not affect cognitive load. A number of
different clusters were found related to indicators of cognitive load in relevant and non-relevant
AOIs. More applied studies are needed about the effects of monitoring on learning outcomes and
on what it means for individualization of learning.
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1. Introduction

Nowadays, Learning Management Systems (LMS) are
increasingly used as learning spaces in both e-Learning and
b-Learning modalities. Using these environments lets teachers
monitor each student’s learning process (S�aiz-Manzanares
et al., 2021a). In addition, LMSs can include technological
resources that facilitate and enhance self-regulated learning
(Cerezo et al., 2016; Wang et al., 2020). Possible resources
include videos and their inclusion in virtual laboratories.
These usually include the figure of an avatar that regulates
learners’ thought processes. This enhances the develop-
ment of cognitive and metacognitive processes involved in
learning (Wiedbusch et al., 2021). These processes are
related to attention, selection of relevant information,
contrasting this information with previous knowledge
(S�aiz-Manzanares et al., 2021b), conceptual interrelation
and construction of new knowledge (Ho et al., 2014;
Krieger et al, 2022; Molenaar et al., 2023; Tong & Nie,
2022). The developmental effectiveness of this process is
directly related to the learner’s motivation towards
learning (Zhang et al., 2022), and that motivation is
related to the way the task is presented in LMSs (visual,
auditory or both) (Azevedo & Ga�sevi�c, 2019).

Research in the field of multimedia learning starts from
the premise of whether these multimedia resources can

enable more effective learning (Mayer, 2014). However, it
seems that information delivered through a dual channel
(visual and auditory) means double the information process-
ing and therefore a higher cognitive load (Alemdag &
Cagiltay, 2018). Cognitive load refers to the number of
resources the learner has to process in working memory
(Souchet et al., 2022), and the information that can be
stored in working memory is limited (Souchet et al., 2022).
Similarly, it seems that variations in the perception of cogni-
tive load depend on the type of task and the cognitive effort
that each learner needs to complete it (Orru & Longo,
2019). More specifically, according to Sweller (2016) in
Cognitive Load Theory (CLT), cognitive load refers to the
cognitive capacity for processing information during task
resolution or problem solving. The theory suggests that cog-
nitive load depends on the difficulty and understanding of
the task, and how long the student feels it takes to resolve
(Tong & Nie, 2022). In this scenario, the level of prior
knowledge plays a fundamental role. Identifying which part
of the task the learner experiences the greatest cognitive
load in gives the teacher information about the types of
knowledge that need reinforcing, which will, once that
knowledge is worked on, foreseeably encourage better learn-
ing outcomes. CLT starts from the basis that working mem-
ory has limited resources for task processing, and that when
the capacity of working memory is occupied with multiple
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tasks, performance is likely to suffer (Tong & Nie, 2022).
More specifically, cognitive load during the learning process
can be divided into intrinsic load (corresponding to the
complexity of the knowledge itself regardless of how the
information is presented and acquired), extrinsic load (refer-
ring to how the information is presented and acquired) and
germane load (referring to the integration of knowledge in
long-term memory). When it comes to the design of the
videos, it seems that how the information is inserted is key
(Ponce et al., 2018). All resources that are aimed at attract-
ing the learner’s attention, such as information highlights,
help the learner to direct their attention to important infor-
mation and help them store this highlighted information in
working memory for further processing (Weinstein & Acee,
2018). Similarly, tasks that incorporate graphics and text
appear to improve information processing (Ponce et al.,
2018). However, there is no conclusive data on their effect
on subsequent comprehension of information (Mayer,
2014), which may be indicative of superficial learning
(Badali et al., 2022). Likewise, including graphs and dia-
grams seems to predispose the learner to mapping, which in
turn facilitates the representation of the information to be
learned (Fiorella & Mayer, 2015). Using graphs and dia-
grams seems to enhance the use of learning strategies for
organising and processing information. These strategies are
directly related to categorising information. This process
involves the storage of information in long-term memory
and improved comprehension (Ponce et al., 2018). Similarly,
recent research (Ponce et al., 2022) indicates that underlin-
ing is effective when combined with other learning strat-
egies. These studies provide insights into multimedia design
and its relationship to cognitive learning theory (Liu, 2021;
Mayer, 2014).

Therefore, research in the field of task analysis is import-
ant in understanding the effectiveness of learning for differ-
ent types of learners and tasks (Greene & Azevedo, 2009;
Krieger et al., 2022). Moreover, that kind of analysis will
help in the development of personalised learning materials,
which may be expected to enhance more effective learning
(Mart�ın-Ant�on et al., 2013; S�aiz-Manzanares et al., 2021b).
For example, in the study by Pi and Hong (2016), different
types of PowerPointTM slides were used and implemented in
different types of videos (with teacher image insertion vs.
without insertion). The results indicated that incorporating a
figure that regulated learning into the PowerPointTM presen-
tation—the teacher—helped acquisition of declarative know-
ledge, but not of procedural knowledge. Those authors
found that videos that included procedural knowledge
produced a significantly higher cognitive load for students
(Pi & Hong, 2016).

This is due to the difficulty of measuring cognitive proc-
esses during learning (Mutlu-Bayraktar et al., 2019). There
are two types of methods for measuring cognitive load (dir-
ect and indirect). Direct methods include measurement
through direct objective measures of cerebral activity—e.g.,
electroencephalography (EEG). Indirect, self-evaluation tech-
niques are also available (e.g., questionnaires). These are
subjective measures, as they involve some component of the

user’s self-perception. In indirect methods of measurement,
a differentiation can be made between self-reports about the
mental effort make in resolving a task, which also has a sub-
jective component, and the objective indirect techniques,
which include task performance measurement (error rate or
proportion), physiological measurement (e.g., eye movement
and electrodermal activity), and behavioral measurement
(e.g., face expression, gesture input, mouse pointing and
clicking, etc.) (Mutlu-Bayraktar et al., 2019; Souchet et al.,
2022). In addition, individual differences related to prior
knowledge (Desjarlais, 2017; Mutlu-Bayraktar et al., 2019;
S�aiz-Manzanares et al., 2021c), different ways of processing
information, different learning patterns (S�aiz-Manzanares et
al., 2021a; Tsai et al., 2016), and different performance at
different points in students’ learning processes (initial, inter-
mediate or final) (Sharafi et al., 2015) must be considered
(Sharafi et al., 2015). Prior knowledge would foreseeably
help reduce the frequency of indicators of cognitive load
(Asadi et al., 2022).

In addressing these challenges, research applying eye
tracking technology has shown promise over recent years, as
it allows visual attention to different elements of the learn-
ing object in multimedia environments to be recorded
(Asish et al., 2022; Kulom€aki et al., 2022; van Marlen et al.,
2022). Analyzing those records allows inference of the level
of cognitive load each student experiences when doing dif-
ferent types of tasks. In the following section, the state of
the art in this field of study is addressed.

2. Related work

2.1. Eye tracking as a method of measuring learning in
multimedia environments

Eye tracking technology is a non-invasive technique that
facilitates the recording and measurement of certain cogni-
tive processes, as well as the inference of metacognitive
processes that occur during the learning process (Asish
et al., 2022; Tong & Nie, 2022; van Marlen et al., 2022). The
technology enables the inclusion of multi-channel learning
materials (Alemdag and Cagiltay, 2018; Coskun & Cagiltay,
2022; Kulom€aki et al., 2022) and records information about
static and dynamic parameters (S�aiz Manzanares et al.,
2020). The most commonly used metrics are described
below, along with how they relate to the measurement of
certain cognitive processes (Tong & Nie, 2022). Static met-
rics include the following:

a. Fixations can be defined as the position of the gaze on
a point of the learning resource during a time interval.
Eye fixations are related to the attentional process on
the reception of the stimulus. Fixation Count (FC) and
Fixation Duration (FD) are proxy measures of cognitive
processing. It seems that fixation time increases and the
number of fixations decreases when cognitive load is
high (Andrzejewska & Stoli�nska, 2016; Zu et al., 2018).

b. Saccades refer to the rapid eye movement between fixa-
tions. Saccade Count (SC), Saccade Duration (SD) and
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Saccade Amplitude (SA) can reflect the effectiveness
and/or difficulty of the learning object (Gumussoy
et al., 2022). These metrics are used to measure cogni-
tive load and visual fatigue (Liu et al., 2016; Souchet
et al., 2022; Tong & Nie, 2022). They also provide data
on the meaningfulness of learning (De la Fuente et al.,
2022).

c. Pupil diameter is a common cognitive load metric.
Pupil size increases with task difficulty. This is under-
stood as a near real-time metric of cognitive load
(Asadi et al., 2022; Lohani et al., 2019; Rodziewicz-
Cybulska et al., 2022; Wals & Wichary, 2022). However,
it can be affected by environmental factors (Peinkhofer
et al., 2019).

d. Blink refers to the movement of the eyelid. There is no
clear conclusion about the relationship between blinks
and the cognitive load of the stimulus (Tong & Nie,
2022). Certain environmental factors may influence
blinking (e.g., temperature, relative humidity, lighting
where the test is performed, etc.) (Martins & Carvalho,
2015).

e. Number of visits refers to the number of visits to a
stimulus and its Areas of Interest (AOIs) and can be
related to the cognitive load of a stimulus or to the
motivation towards it.

Fixation and saccade metrics include multiple specification
metrics such as duration, frequency, speed, etc., the use of
which will depend on the research objectives (S�aiz-
Manzanares et al., 2021b).

Dynamic metrics assess the execution patterns within a
stimulus, they refer to fixation positions and are grouped
together into an execution pattern that is different for each
person—the scan path or gaze point. The difficulty with
this metric is that eye tracking equipment does not offer a
direct interpretation of it, nor comparison between partici-
pants. Therefore, comparison algorithms have to be
applied, such as the string-edit method using the
Levenshtein (1966) distance. In addition, this method of
analysis has a weakness in that it does not take into
account the duration of the position. Therefore, some
authors recommend using supervised (e.g., k-nearest neigh-
bour (k-nn)) or unsupervised (e.g., cluster analysis)
machine learning techniques when analysing these metrics
(Duchowski et al., 2020; Raschke et al., 2014). These meth-
ods are complex and computational knowledge is needed
to apply and interpret them, making it difficult for a
“normal” eye tracking technology user to use this type of
analysis (S�aiz Manzanares et al., 2020). Table 1 presents a
list of the most frequent metrics in eye tracking and their
relationship with measurement of learning strategies.

Table 1. List of metrics in eye tracking, their meaning and relationship with analysis of learning strategies.

Metric Acronym Unit measure Meaning of the metric
Relationship to cognitive and
metacognitive strategies

Fixation count FC Count A larger number of fixations on a stimulus
can
indicate that the learner has less
knowledge about the task or difficulty in
discriminating relevant vs. non-relevant
information. It is a measure of global
search.

An indicator of the application of
metacognitive strategies of acquisition
(Rom�an S�anchez & Gallego Rico, 2008) or
according to Veenman (2017) orientation
strategies. These refer to the ‘what’ in the
resolution process.

Fixation duration FD Miliseconds It is an indicator of the learner’s degree of
interest and reaction times. Longer
durations are usually associated with
deeper cognitive processing and greater
effort. The duration of fixations provides
information about the search process.

Average duration
of fixation

AFD Count Longer fixations refer to the learner spending
more time analysing and interpreting the
information content within the Areas of
Interest (AOI). An average duration is
between 200ms-260ms.

Saccade count SC Count This refers to the number of saccades in
each stimulus. The greater the amplitude
of the saccade, the lower the cognitive
effort. However, it can also refer to
problems in understanding information.

More saccades suggests greater use of
targeting strategies (as classified by
Veenman, 2017).

Gaze point GP X and Y axes of
position in
the stimulus.

A chain of eye positions relative to the
coordinates of the position axes in a
stimulus. The length of the scan path
provides information on reaction times in
tasks without predetermined duration.

Studying the learner’s behavioural
patterns will facilitate the development
of guidance from the teaching staff in
order to achieve the most personalised
learning possible.

Pupil diameter PD Millimeters The mean pupil diameter is collected for all
fixations within an AOI over a time
interval.

It may provide information about the
level of attention or interest in the
information provided by the stimulus.
A larger pupil diameter may be related
to a greater cognitive load as well as
to the difficulty of processing a task.

Number of visits
or revisits

V Count Refers to the number of visits within an AOI
during a time interval.

It can be an indicator of attention and
interest in a piece of information. Or it
may be an indicator of the difficulty of
the information for the learner.
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However, despite the relevance of eye-tracking technology
to education, its use is recent and is not yet widespread in
everyday teaching practice. Therefore, it is important to
carry out more studies in this area to illuminate the advan-
tages and disadvantages as well as the needs for the imple-
mentation of new functionality (Alemdag & Cagiltay, 2018).

Based on the above, the objectives of the present study
were (1) To determine whether participation in a virtual
laboratory using a self-regulated video, monitored with eye-
tracking technology, would improve learning outcomes; (2)
to determine whether students’ levels of prior knowledge
would influence the results of cognitive load measured with
eye-tracking technology; (3) to determine whether there
were significant differences between students in the acquisi-
tion of knowledge in the virtual laboratory and in the
parameters of cognitive load; and (4) to determine whether
there were clusters in the students in relation to the parame-
ters of cognitive load in relevant vs. non-relevant Areas of
Interest (AOI).

These objectives were realized in the following research
questions (RQ):

RQ1. Will participation in the eye tracking learning activity
improve learning outcomes for students?

RQ2. Will students’ levels of prior knowledge influence fixa-
tions (count and duration), saccades (count), visits, and
pupil diameter in the different areas of interest (relevant vs.
non-relevant)?

RQ3. Will there be significant differences in fixations (count
and duration), saccades (count), visits, and pupil diameter
in relevant vs. non-relevant AOIs, according to the results in
the knowledge test taken after the virtual laboratory in
which eye tracking monitoring was applied?

RQ4. Will clustering be found in students with respect to
fixations (count and duration), saccades (count), visits, and
pupil diameter in relevant vs. non-relevant AOIs across
stimuli?

3. Method

3.1. Participants

The sample consisted of 42 third-year undergraduate health
science students (Table 2).

There were many more women than men, which is typ-
ical in health sciences courses, as indicated by the figures in
the latest report on universities from the Spanish University
Rectors’ Conference (CRUE). The mean ratio of women to

men in these subjects is 73.8% (Hernandez-Armenteros &
P�erez-Garc�ıa, 2018).

3.2. Instruments

3.2.1. Prior knowledge test
This test contained 15 multiple-choice questions (four pos-
sible answers) with only one correct answer. Scores were
measured on a scale of 0–10. The results were categorised
into 3 categories (1 Satisfactory ¼ 5–6.9; 2 Intermediate ¼
7–8.9; 3 Outstanding ¼ 9–10). The test can be found in
Appendix A.

3.2.2. Tobii pro lab version 1.194.41215 and 15.6 inch
monitor with a resolution of 1920 X 1080
In this study 64Hz were applied, static metrics (fixations
and saccades) were used and AOI statistics were determined.
The records were analysed with the statistical software pack-
age SPSS v. 28 (IBM Corporation, 2022).

3.2.3. Stimuli applied in eye tracking
Four types of stimuli were applied:

a. Stimulus 1. Instructions for the execution of the eye
tracking task consisted of a sentence stating "Please
look at the image and watch the video. Press the space
bar to continue".

b. Stimulus 2. Image of eye contact between a mother and
her baby. Here the line of eye contact was established.

c. Stimulus 3. A virtual laboratory developed ad hoc in
self-regulated video format explaining how to initiate a
therapeutic intervention on a premature infant.

d. Stimulus 4. Acknowledgement of participation in the
tasks applied in eye tracking stating "Thank you very
much for participating!”,

Figure 1 shows the stimuli and Table 3 shows the rela-
tionship of the stimuli used with the type of cognitive load.

3.2.4. Design of the subject
An Online Project Based Learning (OPBL) teaching technol-
ogy was applied. Continuous assessment was carried out
through 4 procedures: (1) multiple-choice tests with only
one correct answer per question. Two tests were set, each
worth 15% of the total score: Test 1 was given in the fourth
week of the semester, Test 2 was given in the seventh week
of the semester; (2) a project based on the resolution of a
practical case of therapeutic intervention in a patient with a
developmental pathology. Students solved the case through-
out the semester in groups (3–5 members). This was worth
25% of the total score; (3) project presentation, worth 25%
of the total score. Students presented the project before the
teacher and classmates during the last week of the semester;
(4) participation in co-assessment activities (these consisted
of assessment surveys, using gamification resources and
Flipped Learning experiences). This was worth 20% of the

Table 2. Descriptive statistics of the participants with respect to the variables
age and gender.

Number Women Men

N n Mage SDage n Mage SDage
42 38 22.39 2.44 4 22.75 2.4

Note: N ¼ Total number of participants; n ¼ Disaggregated number of partici-
pants; Mage ¼ Mean of age; SDage ¼ Standard deviation of age.
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total score and activities that occurred throughout the
semester.

3.3. Procedure

Before the study began, approval was obtained from the
Bioethics Committee of the University of Burgos No. IO
03/2022. Written informed consent was also obtained from
all participants. Subsequently, three weeks into the semes-
ter, the students took a knowledge test on the subject of
"Early Intervention." The students were then offered the
possibility of a laboratory to examine a practical early
intervention case. They were told that the laboratory would
be individual and that eye tracking technology would be
used. They were also given an explanation of how the tech-
nology works and the aim of the study, which was to test
learning performance. The students who voluntarily agreed
to participate in this part of the study signed another
informed consent form. None of the participants had any
relevant visual or neurological problems (epilepsy or other
cognitive impairments).

The laboratory was conducted individually using eye
tracking technology, it lasted 5–7min per participant. Before
accessing the stimuli, calibration was carried out and fits of
less than 71% were not allowed. The participants performed
the test in the same room with similar lighting and tempera-
ture conditions. The position of each student relative to the
screen ranged from 45 to 50 cm depending on participants’
build (height and weight).

The visualisation comprised an initial stimulus in which
the participant had to read the instructions for the laboratory,
the duration of which was variable, as each participant took
the time they needed to read the text. The second stimulus
presented an image of interaction between a mother and a
baby, the time for this stimulus was also variable and
depended on each participant. The third stimulus consisted of
a laboratory in a virtual laboratory format that applied a self-
regulated video. This video reported the resolution steps for a
therapeutic intervention with a premature infant. The video
was 3min 17 s long and the most important elements were
highlighted in orange. These were considered Relevant Areas
of Interest (AOI R) and the elements not highlighted were

Figure 1. Stimuli used in eye tracking in the study.

Table 3. Stimuli applied in the study and their relationship with cognitive load.

Stimulus Task Intrinsic cognitive load Extrinsic cognitive load Germane load

Stimulus 1 Read instructions Intermediate Visual without SRL Reading process
Understanding the information to
execute the task

Stimulus 2 View an image Intermediate Visual without SRL Image recognition process and its
relation to theoretical subject
matter elements

Stimulus 3 Practical laboratory with SRL High Visual and auditory with SRL
Highlights of relevant information
Includes diagrams.

- Attention
- Understanding
- Conceptual interrelationship

Stimulus 4 Read acknowledgements Low Visual without SRL Reading process
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considered non-relevant AOI (AOI NR). Finally, a fourth
stimulus thanked the student for their participation, the dur-
ation of this stimulus was variable as each participant used
the time they needed to read the text. The type of cog-
nitive load for each stimulus, according to Sweller’s
(2016) classification, is presented in Table 3. Finally,
each student completed a crossword puzzle to test the
knowledge from stimulus 3 (see Appendix B). Figure 2
shows an outline of the study phases.

3.4. Design

Following the classification by (Campbell & Stanley, 2005),
a quasi-experimental design with equivalent control group
was applied to test RQ1. To test RQ2 and RQ3, a 3� 3 fac-
torial design was applied (degree of prior knowledge
(satisfactory, intermediate, high) and cognitive load (low,

intermediate, high)). A descriptive design was applied to test
RQ4. Figure 3 presents the relationship between the study’s
hypotheses and the research designs applied.

3.5. Data analysis

Before the start of the study, the distribution of the sample
was assessed to determine normality by analysing skewness
and kurtosis, following Bandalos and Finney (2001), whereby
values greater than j2.00j indicate extreme skewness, while
lower values indicate that the sample followed a normal distri-
bution. For kurtosis, values between j8.00j and j20.00j suggest
extreme kurtosis and lower values suggest normality in the
distribution (see Table 4).

Then, to test RQ1, RQ2, and RQ3, a one-factor ANOVA
with fixed effects and eta squared effect value (g2) was per-
formed. The interpretation values, based on (Cohen, 1992),
were g2 from 0.2 to 0.3 small effect size; g2 from 0.5 to 0.8
g2 moderate effect size; g2 greater than 0.8 large effect size.
The unsupervised Machine Learning k-means technique was
used to test RQ4. Calculations were performed with the stat-
istical software package SPSS v. 28 (IBM Corporation, 2022)
and cluster visualisation used the Data Mining software
Orange v. 3.32 (Demsar et al., 2013).

Table 4. Skewness and kurtosis analysis of the independent variable.

N Minimum Maximum M SD

Skewness Kurtosis

S S error S S error

Prior
knowledge.
Test 1

42 6.00 10.00 8.54 1.16 �0.48 0.37 �0.59 0.72

Note. N: participant numbers; M: Mean; SD: Standard deviation; S: statistical; S
error: Standard error.

Step 1
•Positive report from the Bioethics Committee

•Informed consent of participants

Step 2

•Measurement of prior knowledge (Test 1) in the Experimental Group and in the Control 
Group

Step 3

•Application of eye tracking technology within the multi-channel virtual laboratory 
(4 stimuli)

Step 4
•Testing of the knowledge acquired in the virtual laboratory stimuli

Step 5
•Collection of all learning outcomes in the different continuous assessment procedures

Figure 2. Steps in the study procedure.

RQ1

•Will participation in 
the eye tracking 
learning activity 
improve learning 
outcomes for 
students?

RQ2

•Will students' levels 
of prior knowledge 
influence fixations 
(count and 
duration), saccades 
(count), visits, and 
pupil diameter in 
the different areas 
of interest (relevant 
vs. non-relevant)?

RQ3

• Will there be significant 
differences in fixations 
(count and duration), 
saccades (count), visits, 
and pupil diameter in 
relevant vs. non-relevant 
AOIs, according to the 
results in the knowledge 
test taken after the virtual 
laboratory in which eye 
tracking monitoring was 
applied?

RQ4

• Will clustering be found 
in students with respect to 
fixations (count and 
duration), saccades 
(count), visits, and pupil 
diameter in relevant vs. 
non-relevant AOIs across 
stimuli?

Quasi-experimental 

design with equivalent 

control group 
Factorial design Descriptive design 

Figure 3. Relationship between RQs and research design.
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4. Results

4.1. Preliminary analyses

The distribution of the sample was checked with respect to
the data from the prior knowledge test. The skewness and
kurtosis values are shown in Table 4. The skewness value
was 0.48j and the kurtosis value was j0.59j. Therefore, the
sample met the assumptions of normality, meaning that
parametric statistics were used to test the RQs.

Calibration values were also recorded before the application
of eye tracking technology. The fit values for validation accur-
acy were in the range of 0.11–0.89 and for validation precision
in the range of 0.1–1.58. The fit range was 71% to 97%.

4.2. Testing the research questions

4.2.1. Testing research question 1 (RQ1)
Significant differences were found between students in the learn-
ing outcomes related to the project presentation, co-evaluation

activities and in the total scores, with higher scores for the stu-
dents who participated in the virtual laboratory with eye track-
ing. However, the effect sizes were small (see Table 5). The
questions of the applied tests can be found in Appendix A.

4.2.2. Testing research question 2 (RQ2)
No significant differences were found in the eye tracking
parameters for the different stimuli with respect to the stu-
dents’ level of prior knowledge (see Table 6).

4.2.3. Testing research question 3 (RQ3)
No significant differences were found in the eye tracking param-
eters in the different stimuli with respect to the students’ levels of
knowledge acquisition in the virtual laboratory. However, an
effect was detected in some parameters FC in AOI_NR (g2 ¼
0.10) and AOI_R (g2 ¼ 0.14), FD in AOI_NR (g2 ¼ 0.18), SC in
AOI_R (g2 ¼ 0.12), Visits in AOI_R (g2 ¼ 0.11) and pupil diam-
eter in AOI_R (g2 ¼ 0.14) and AOI_NR (g2 ¼ 0.15). These effect

Table 5. One-factor fixed-effects ANOVA (participation in the early intervention case study virtual laboratory vs. non-participation).

Tests Timepoint

Group 1
n¼ 31

Group 2
n¼ 11

M(SD) M(SD) df F p g2

Test 1 Fourth week of the semester 8.52 (1.21) 8.60 (1.10) (3,40) 0.04 0.85 0.001
Test 2 Seventh week of the semester 9.28 (1.10) 8.83 (1.41) (3,40) 1.17 0.29 0.03
Project preparation Throughout the semester 1.77 (0.13) 1.76 (0.11) (3,40) 0.20 0.66 0.005
Project presentation Week eight of the semester 1.43 (0.11) 1.30 (0.08) (3,40) 12.91 0.001� 0.24
Co-evaluation Throughout the semester 1.61 (0.44) 1.46 (0.58) (3,40) 8.95 0.005� 0.18
Total scores End of semester 8.91 (0.75) 8.18 (0.75) (3,40) 7.65 0.009� 0.16

Note. Group 1¼ students who participated in the early intervention case study resolution laboratory with eye tracking monitoring; Group 2: students who did
not participate in the early intervention case study resolution laboratory with eye tracking; M: mean; SD: standard deviation; df: degrees of freedom; g2: eta-
squared.

Table 6. One-factor fixed-effects ANOVA (level of prior knowledge).

Parameters

Group 1
n¼ 4

Group 2
n¼ 15

Group 3
n¼ 12

M(SD) M(SD) M(SD) df F p g2

FC Stimulus 1_AOI_R 26.50 (13.43 19.27 (15.30) 27.33 (15.31) (2,31) 1.74 0.19 0.11
FC Stimulus 2_AOI_R 7.75 (1.71) 8.53 (2.17) 8.75 (2.45) (2,31) 0.30 0.74 0.02
FC Stimulus 3_ AOI_NR 53.00 (30.00) 56.13 (22.11) 54.92 (27.71) (2,31) 0.03 0.97 0.002
FC Stimulus 3_ AOI_R 2141.75 (270.75) 2196.40 (354.73) 2239.75 (314.13) (2,31) 0.14 0.87 0.01
FC Stimulus 4_AOI_R 9.25 (2.50) 8.13 (3,18) 9.17 (2.21) (2,31) 0.56 0.58 0.04
FD Stimulus 1_AOI_R 5.28 (3.12) 3.71 (1.92) 5.49 (83.64) (2,31) 1.42 0.26 0.09
FD Stimulus 2_AOI_R 2.69 (0.18) 2.61 (0.21) 2.64 (0.14) (2,31) 0.27 0.76 0.02
FD Stimulus 3_AOI_NR 10.56 (4.25) 11.63 (4.89) 12.07 (6.88) (2,31) 0.11 0.90 0.01
FD Stimulus 3_AOI_R 562.95 (50.33) 537.70 (73.92) 564.92 (74.30) (2,31) 0.54 0.59 0.04
FD Stimulus 4_AOI_NR 1.87 (0.52) 1.57 (0.73) 1.96 (0.53) (2,31) 1.33 0.28 0.09
SC Stimulus 1_AOI_R 9.50 (2.38) 10.50 (5.16) 13.42 (5.84) (2,31) 1.36 0.28 0.09
SC Stimulus 2_AOI_R 4.25 (1.50) 4.07 (1.59) 4.08 (1.73) (2,31) 0.02 0.98 0.001
SC Stimulus 3_AOI_NR 376.75 (160.11) 405.00 (115,54) 390.67 (98.50) (2,31) 0.22 0.81 0.02
SC Stimulus 3_AOI_R 5.00 (2.16) 4.93 (2.17) 4.75 (2.10) (2,31) 0.11 0.89 0.008
SC Stimulus 4_AOI_R 5 (2.16) 4.93 (2.17) 4.75 (2.09) (2,31) 0.30 0.97 0.002
No. Visit Stimulus 1_AOI_R 3.00 (1.419 2.87 (0.92) 2.83 (1.27) (2,31) 0.03 0.97 0.002
No. Visit Stimulus 2_AOI_R 1.00 (0.00) 1.20 (0.41) 1.00 (0.00) (2,31) 1.81 0.18 0.11
No. Visit Stimulus 3_AOI_NR 36.40 (20.92) 34.40 (13.37) 32.50 (17.41) (2,31) 0.11 0.90 0.008
No. Visit Stimulus 3_AOI_R 226.75 (38.81) 192.83 (35.78) 192.83 (35.77) (2,31) 1.38 0.27 0.09
No. Visit Stimulus 4_AOI_R 1.25 (0,50) 1.47 (0.52) 1.58 (0.67) (2,31) 0.51 0.61 0.04
PD Stimulus 1_AOI_R 3.19 (0.46) 3.03 (0.36) 3.18 (0.55) (2,31) 0.44 0.65 0.03
PD count Stimulus 2 3.22 (0.48) 3.11 (0.37) 3.33 (0.45) (2,31) 0.95 0.40 0.06
PD Stimulus 3_AOI_NR 2.73 (0.37) 2.65 (0.23) 2.80 (0.29) (2,31) 1.01 0.35 0.72
PD Stimulus 3_AOI_R 2.75 (0.35) 2.65 (0.24) 2.82 (0.31) (2,31) 1.22 0.31 0.08
PD Stimulus 4_AOI_R 2.96 (0.43) 2.82 (0.29) 2.96 (0.32) (2,31) 0.72 0.50 0.05
�p< 0.05. Note. FC: Fixation count; FD: Fixation duration; SC: Saccade count; No: Number; PD: Pupil diameter; AOI_R: Relevant AOI; AOI_NR: Non-relevant AOI;
Group 1¼ students with scores of satisfactory (5–6.9) on the prior knowledge test; Group 2: students with intermediate scores (7–8.9) on the intermediate
knowledge test; Group 3: students with outstanding scores (9–10) on the intermediate knowledge test; M: mean; SD: standard deviation; df: degrees of free-
dom; g2: eta-squared.
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sizes were small, but may be indicative for future lines of
research (see Table 7).

4.2.4. Testing research question 4 (RQ4)
The k-means algorithm was applied to check whether there
were different groups of behaviour in the different stimuli

with respect to AOI R vs. AOI NR in the applied eye track-
ing metrics (FC, FD, SC, Visits and Pupil Diameter). Before
applying k, the elbow method was performed for the values
in all parameters, the results are shown in Figure 4.

In FC, k¼ 2 was applied. Significant differences were
found in stimulus 4 in the AOI_R. Students in cluster 1
had higher FCs than students in cluster 2 (see Table 8).

Table 7. One-factor fixed effects ANOVA (degree of knowledge acquired) on eye tracking parameters (FC, FD, SC, No. and PD) for stimulus 3 in AOI_NR and R.

Parameters

Group 1
n¼ 4

Group 2
n¼ 4

Group 3
n¼ 7

Group 4
n¼ 17

M(SD) M(SD) M(SD) M(SD) df F p g2

FC Stimulus 3_AOI_NR 69.00 (36.57) 62.50 (29.83) 43.57 (12.23) 52.82 (24.96) (3,31) 1.05 0.39 0.10
FC Stimulus 3_AOI_R 1933.00 (140.10) 2384.25 (187.95) 2224.25 (187.95) 2207.94 (346.81) (3,31) 1.46 0.25 0.14
FD Stimulus 3_AOI_NR 14.85 (6.84) 15.79 (8.78) 8.82 (2.40) 10.59 (5.02) (3,31) 2.12 0.12 0.18
FD Stimulus 3_AOI_R 564.86 (117.60) 564.95 (72.76) 568.80 (64.74) 538.93 (62.16) (3,31) 0.40 0.75 0.04
SC Stimulus 3_AOI_NR 6.50 (3.87) 5.50 (3.00) 5.00 (1.73) 5.29 (2.99) (3,31) 0.25 0.86 0.03
SC Stimulus 3_AOI_R 337.50 (58.19) 477.00 (160.49) 410.00 (112.97) 386.06 (99.36) (3,31) 1.25 0.31 0.12
No. Visit Stimulus 3_AOI_NR 41.75 (22.47) 37.25 (22.90) 26.43 (6.73) 33.18 (14.98) (3,31) 0.91 0.45 0.09
No. Stimulus 3_AOI_R 187.50 (41.22) 181.25 (58.26) 218.71 (48.76) 211.47 (31,63) (3,31) 1.11 0.36 0,11
PD Stimulus 3_AOI_NR 2.85 (0.27) 2.61 (0.17) 2.56 (0.15) 2.76 (0.27) (3,31) 1.51 0.23 0.14
PD Stimulus 3_AOI_R 2.90 (0.29) 2.63 (0.18) 2.57 (0.31) 2.72 (0.28) (3,31) 1.68 0.19 0.15
�p< 0.05. Note. FC: Fixation Count; FD: Fixation Duration; SC: Saccade Count; No: Number; PD: Pupil Diameter; AOI_R: relevant AOI; AOI_NR: not relevant AOI;
Group 1¼ students with scores of 7 out of 10 on the comprehension knowledge test; Group 2: students with scores of 8 out of 10 on the comprehension
knowledge test; Group 3: students with scores of 9 out of 10 on the comprehension knowledge test; Group 4: students with scores of 10 out of 10 on the
comprehension knowledge test; M: mean; SD: standard deviation; df: degrees of freedom; g2: eta-squared.

Figure 4. Elbow method in the k-means algorithm on FC, FD, SC, visits and pupil diameter data. Note. 1. Elbow method in FC, 2. Elbow method in FD, 3. Elbow
method in SC, 4. Elbow method in Visits, 5. Elbow method in pupil diameter.
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This indicates a higher cognitive load for students in cluster
2. (Andrzejewska & Stoli�nska, 2016; Zu et al., 2018).

For FD, k¼ 2 was applied. Significant differences were
found in stimulus 4 in AOI_R and AOI_NR. Students in
cluster 1 had longer fixation durations than those in cluster
2 in stimulus 3 in both relevant and non-relevant AOIs (see
Table 9).

Significant differences were found in stimulus 2 and in
stimulus 3 in AOI_R. Students in cluster 1 had higher SCs
than those in cluster 2 (see Table 10). This may refer to
comprehension difficulties and the stimulus having a higher
cognitive load for these students (Gumussoy et al., 2022; X.
Liu et al., 2016; Tong & Nie, 2022).

For the visits parameter, k¼ 2 was applied. Significant
differences were found in stimulus 1 in AOI_R_I and in
stimulus 3 in AOI_NR and AOI_R. Students in cluster 1
made more visits to both relevant and non-relevant AOIs
(see Table 11).

For pupil diameter, the results of the elbow method sug-
gested applying k¼ 3. Significant differences were found in
all stimuli in AOI_R and AOI_NR. Students in cluster 2 had
a larger pupil diameter in all stimuli and AOI (see
Table 12).

Figure 5 shows the representation of the behavioural pat-
terns in each eye tracking parameter with respect to the
clusters Table C1 (see Appendix C) presents the relationship
between the results of this study and those of the research
on which it was based.

5. Discussion

With regard to RQ1, in this study, monitoring students in a
self-regulated video laboratory seems to have contributed to
improving some of the learning outcomes (presentation of
project, co-evaluation, and overall learning results). This
may be because the work in stimulus 3—the self-regulated
virtual laboratory monitored with eye-tracking—probably
encouraged each student to reflect on their own practice
(Souchet et al., 2022; Tong & Nie, 2022; Wang et al., 2020;
Wiedbusch et al., 2021). The use of eye-tracking to monitor
learning tasks is not very widespread yet but it has a prom-
ising future in real learning contexts (Alemdag & Cagiltay,
2018; Souchet et al., 2022; Tong & Nie, 2022).

With regard to RQ2, students’ prior knowledge was not
found to have an effect on the indicators of cognitive load
(fixations, saccades, visits, and pupil diameter) in the AOIs
in any of the stimuli examined. This may be because the
students began with moderately high levels of prior know-
ledge (there were no scores lower than 5 out of 10), or
because of the characteristics of the task (self-regulated
video with the most important information underlined).
Using tasks which apply self-regulated learning has been
shown to be an important resource in multi-channel learn-
ing spaces (Alemdag & Cagiltay, 2018; Ho et al., 2014;
Molenaar et al., 2023; Tong & Nie, 2022).

With regard to RQ3, there were no significant differences
in the parameters of cognitive load between students. There
was an effect in stimulus 3 (self-regulated video) in FC (in
relevant and non-relevant AOIs), FD (in non-relevant
AOIs), SC (in relevant AOIs), Number of visits (in relevant
AOIs), and pupil diameter (in relevant and non-relevant
AOIs) between the students grouped by their scores in the
knowledge test taken immediately following the monitored
laboratory. As noted above, learning using self-regulated,
multi-channel materials with the important concepts under-
lined may have facilitated students’ understanding and miti-
gated the cognitive load (Alemdag & Cagiltay, 2018; H. C.
Liu, 2021; Pi & Hong, 2016; Ponce et al., 2018; Orru &
Longo, 2019; 2022; Tong & Nie, 2022). Nonetheless, there
are underlying differences in information processing. This is
an aspect that subsequent studies should examine more
deeply in order to determine what they are. That

Table 8. Final cluster centres and ANOVA for FC.

Cluster 1
n¼ 21

Cluster 2
N¼ 10 df F p

Stimulus 1 AOI_R 22 25 1, 29 0.35 0.56
Stimulus 2 AOI_R 9 8 1, 29 3.44 0.07
Stimulus 3 AOI_NR 53 60 1, 29 0.48 0.50
Stimulus 3 AOI_R 2375 1852 1, 29 43.10 0.00�
Stimulus 4 AOI_R 9 8 1, 29 1.21 0.28
�p< 0.05. Note. AOI_R: relevant AOI; AOI_NR: non-relevant AOI.

Table 9. Final cluster centres and ANOVA for FD.

Cluster 1
n¼ 15

Cluster 2
N¼ 16 df F p

Stimulus 1 AOI_R 4.7 4.52 1, 29 0.03 0.87
Stimulus 2 AOI_R 2.62 2.65 1, 29 0.17 0.68
Stimulus 3 AOI_NR 9.37 13.81 1, 29 5.80 0.02�
Stimulus 3 AOI_R 608.44 498.11 1, 29 48.72 0.00�
Stimulus 4 AOI_R 1.79 1.72 1, 29 0.09 0.76
�p< 0.05. Note. AOI_R: relevant AOI; AOI_NR: non-relevant AOI.

Table 10. Final cluster centres and ANOVA for SC.

Cluster 1
n¼ 12

Cluster 2
N¼ 20 df F p

Stimulus 1 AOI_R 13 12 1, 29 0.23 0.64
Stimulus 2 AOI_R 5 4 1, 29 4.33 0.04�
Stimulus 3 AOI_NR 6 5 1, 29 0.16 0.69
Stimulus 3 AOI_R 511 328 1, 29 66.66 0.001�
Stimulus 4 AOI_R 5 4 1, 29 0.25 0.62
�p< 0.05. Note. AOI_R: relevant AOI; AOI_NR: non-relevant AOI.

Table 11. Final cluster centres and ANOVA for No. of Visits.

Cluster 1
n¼ 16

Cluster 2
N¼ 15 df F p

Stimulus 1 AOI_R 3 2 1, 29 4.48 0.04�
Stimulus 2 AOI_R 1 1 1, 29 0.42 0.52
Stimulus 3 AOI_NR 39 28 1, 29 4.20 0.04�
Stimulus 3 AOI_R 239 172 1, 29 64.26 0.001�
Stimulus 4 AOI_R 2 1 1, 29 2.10 0.16
�p< 0.05. Note. AOI_R: relevant AOI; AOI_NR: non-relevant AOI.

Table 12. Final cluster centres and ANOVA on pupil diameter.

Cluster 1
n¼ 10

Cluster 2
n¼ 8

Cluster 3
n¼ 13 df F p

Stimulus 1 AOI_R 2.67 3.73 3.06 1, 28 80.09 0.001�
Stimulus 2 AOI_R 2.76 3.76 3.22 1, 28 86.03 0.001�
Stimulus 3 AOI_NR 2.43 3.06 2.73 1, 28 46.23 0.001�
Stimulus 3 AOI_R 2.42 3.07 2.75 1, 28 50.40 0.001�
Stimulus 4 AOI_R 2.55 3.26 2.90 1, 28 58.64 0.001�
�p< 0.05. Note. AOI_R: relevant AOI; AOI_NR: non-relevant AOI. One missing
value was detected.
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understanding may help researchers improve instructional
processes and adapt them to the needs of each type of
student.

In line with the above, the response to RQ4 indicates
clusters of students that are not based on the parameters of
cognitive load, and those clusters are not explained by the
influence of the prior knowledge variable or the results of
the knowledge test. There were 2 clusters in FC, FD, SC,
and number of visits, and 3 clusters in PD. This indicates
that there are different patterns of behavior between the stu-
dents in terms of the cognitive load in the AOIs. More spe-
cifically, there were differences in FC in relevant AOIs in
stimulus 3 (virtual laboratory). The students in group 1
experienced a higher cognitive load. They also exhibited lon-
ger fixations in stimulus 3 (virtual laboratory) in relevant
and non-relevant AOIs. This result indicates more effort in
cognitive processing for the students in this cluster. In terms
of saccade counts, the students in group 1 had more sac-
cades in the relevant AOI in stimulus 2 (image processing)
and in the relevant AOIs in stimulus 3 (processing the

virtual laboratory). This suggests that the students in this
cluster were using more search strategies. In addition, the
students in cluster 1 had more hits in the relevant AOI for
stimulus 1 (instructions) and the relevant AOIs in stimulus
3 (virtual laboratory). This may be related to a greater cog-
nitive load in students in group 1 in information processing.
Lastly, pupil diameter was greater in all of the relevant and
non-relevant AOIs in students in cluster 2, which may be an
indicator of these students having greater interest or greater
difficulty in processing information. Nonetheless, it is
important to remember that the students grouped in each
parameter cluster were not the same. These results indicate
that there are variables other than the independent variables
considered in this study (prior knowledge, acquired know-
ledge) that influence the cognitive load students experienced
in the different tasks. In addition, the indicators of cognitive
load were not homogeneous in the processing of different
stimuli (text, image, or video). These differences are prob-
ably due to the channel through which the information was
received (visual, auditory, or both) and the type of stimulus

Figure 5. Visualisation of the clusters in the parameters FC, FD, SC, visits and pupil diameter in each participant. Note: FC: Fixation count; FD: Fixation duration; SC:
Saccade count; V: Number of visits; PD: Pupil diameter.
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(text, image, or video). In fact, most of the differences were
found in the relevant AOIs for stimulus 3 (video), which is
consistent with the findings from Alemdag & Cagiltay
(2018). Along these lines, there may be differences in the
students’ information processing with respect to working
memory (Souchet et al., 2022), and these may depend on
the type of task (Alemdag & Cagiltay, 2018; Andrzejewska &
Stoli�nska, 2016). It is also worth noting that the stimulus 3
task (virtual laboratory) included procedural content (it dealt
with practical content). According to Pi and Hong (2016),
this type of content requires a higher cognitive load. This
load refers specifically to the germane load of integrating
content into long-term memory, which is consistent with
the results from Sweller (2016). Nonetheless, these difficul-
ties of processing seem to be compensated by the self-regu-
lation applied in stimulus 3 and the underlining of the most
important information. All of that may have helped students
to store and understand the information. The students’
results in the knowledge test were no lower than 7 out of
10. This would support the findings from Fiorella and
Mayer (2015), Ponce et al. (2018), and Ponce et al. (2022).

Table C1 in Appendix C provides a more comprehensive
summary of the relationship between the studies that
formed the basis of this study and their achievements and
limitations. Nonetheless, it is worth highlighting the fact
that RQ4 (a cluster analysis to determine possible clusters
(groupings of students)) about the parameters of cognitive
load is the main novel contribution of this study. Cluster
analysis is part of the framework of unsupervised machine
learning, and according to Molenaar et al. (2023), these
techniques need to be included in educational contexts for
analyzing and following-up SRL practices through the use of
technological monitoring resources.

6. Conclusions

There appear to have been differences between students
when it came to processing stimuli that required greater
cognitive load. More specifically, processing of multichannel
stimuli incorporating voice and images seemed to have a
greater cognitive load in some students. Nonetheless, the
indicators of cognitive load—detected via eye-tracking tech-
nology—were not always at the same level in each student.
This suggests that there may have been variables other than
prior knowledge that influenced the manifestation of cogni-
tive load in the students (e.g., intellectual ability, learning
strategies, learning style, etc.). On the other hand, self-regu-
lated video seems to have been effective in achieving learn-
ing outcomes. In addition, eye-tracking technology was
shown to be very effective for measuring the parameters of
cognitive load. Despite that, these instruments need
improvements in the analysis of records and processing the
information that they return to the user, as they need com-
plex computational analysis to produce information that can
be interpreted. This may hinder the use of this technology
in teachers’ daily practice.

6.1. Contributions of the study to educational practice

Understanding students’ behavior in various tasks gives the
teacher information about the characteristics of information
processing. This may help in the creation of individualized
learning materials. In short, using eye-tracking technology
has benefits for monitoring students’ learning processes as it
allows each student’s behavior in the interaction with the
learning materials to be recorded, as well as the processes
used to resolve each task. It gives information about the
attentional processes in each of these processes in addition
to the information about the cognitive load experienced.
Using learning resources such as self-regulated videos, and
on a more sophisticated level, virtual reality, along with eye-
tracking technology seems to increase students’ engagement
with the learning task, avoiding distraction (Asish et al.,
2022).

6.2. Contributions of the study to other research

The contribution of this study to the research that informed
it centers on performing monitoring in natural contexts via
eye-tracking of a self-regulated learning activity in university
students of health sciences. In other words, the monitoring
process was incorporated into a teaching-learning process in
a natural setting. In addition, the study confirmed its effect-
iveness on learning outcomes. One specific characteristic to
highlight is the application of machine learning techniques
in the educational context, specifically unsupervised cluster-
ing techniques. These techniques were used to find the stu-
dent groupings without applying a previously defined
variable. This is fundamental for finding new hypotheses
and continuing research within such a complex environment
as information processing in typical learning environments.

6.3. Limitations of the study

The study has drawbacks related to sample size and selec-
tion, since convenience sampling was used and the sample
was a specific group of students who were studying health
sciences. In addition, the monitored task was of a limited
duration. Future studies will expand the type and length of
the learning activities. In addition, it is important to remem-
ber that eye-tracking technology uses infra-red to follow the
gaze, meaning that the activities should not be too long.
These elements mean it is not possible to generalize the
results (Greene & Azevedo, 2009; Krieger et al., 2022), they
only indicate possible results in natural contexts. Another
aspect to note is that the sample used in the study had far
fewer men than women. This, as noted previously, is typical
in health science courses (Hernandez-Armenteros & P�erez-
Garc�ıa, 2018), and future studies should look at samples
from courses that have the opposite gender ratio or a bal-
anced ratio. It is also important to note that these types of
studies apply micro-analytical research, which makes larger
sample sizes difficult. And although eye-tracking technology
has improved in terms of application conditions, it still
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needs supervised individual interaction. This also makes it
difficult to have long-duration monitored tasks.

6.4. Future research

There are still many points to explore about the characteris-
tics of learning in multichannel environments in virtual
spaces (H. C. Liu, 2021). The difficulty of measuring cogni-
tive processes is a notable challenge (Mutlu-Bayraktar et al.,
2019), however, the use of eye-tracking technology helps the
investigative process (Coskun & Cagiltay, 2022; Kulom€aki
et al., 2022; van Marlen et al., 2022). Future studies will aim
to examine whether the use of eye-tracking technology in
itself can be a resource for feedback about students’ learning
processes. In addition, future studies will examine the
parameters of cognitive load in students with low levels of
prior knowledge, along with the parameters that have been
related to cognitive load in eye-tracking at different points
in the learning process (initial, intermediate, final). Studies
will also examine the results of the dynamic eye-tracking
measures, as the present study only used static measures.
They will also incorporate psycho-galvanic skin response
records and electroencephalograms, which will help to better
define each student’s learning profile, as there will be more
indicators of information processing available; the present
study only used eye-tracking indicators. Finally, it is worth
highlighting the need for more studies on the analysis of
self-regulated tasks in the framework of teaching in techno-
logical spaces. This opens up a wide range of possibilities
for design of various types of tasks and their evaluation.
Analyzing the results of tasks via techniques using machine
learning principles and then artificial intelligence (the differ-
ence between the two is in the autonomy of data processing)
will no doubt help improve self-regulated learning and indi-
vidualization of learning.
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Appendix A

1. Psychosocial risk situations may require.
a. Projects involving mobility.
b. Projects involving communication.
c. Interdisciplinary intervention.
d. All of the above.

2. The concept of attention to diversity in the school environment.
a. Refers to the provision for pupils with special educational

needs.
b. Refers to private establishments.
c. Refers to socio-community centres.
d. None of the above.

3. The Occupational Therapist primarily has to perform.
a. A physical assessment.
b. An assessment of socio-educational aspects.
c. A cognitive assessment.
d. A functional assessment.

4. The AOTA indicates that the role of the Occupational Therapist is
in multiple contexts and that from the concept of education it has
to do with:
a. A system of learning patterns of behaviour that emerge in the

process of socialisation.
b. Gamification processes.
c. Inhibits interaction with the environment.
d. The processes of biological analysis of behaviour.

5. The methodology proposed by Brazelton & Cramer (1990)
a. Decreases incidence of intraventricular haemorrhage.
b. Reduces days of mechanical ventilation.
c. Enables weight gain.
d. All of the above.

6. Early Intervention Units belong to.
a. Health Services.
b. Social Services.
c. Educational Services.
d. All of the above.

7. The characteristics of early childhood programmes…
a. Focus on the child with needs.
b. Focus on the environment of the child in need.
c. Focus on improving cognitive, psychomotor, language and social-
isation skills.

d. All of the above.
8. Before initiating the development of an OT programme, the

Occupational Therapist has to
a. Evaluate the intervention programme.
b. Establish the baseline of intervention.
c. Analyse the medical, psychological and other professional reports

involving the user.
d. Both b and c.

9. Intervention in early intervention has to include.
a. Neurocognitive intervention.
b. Ecological-transactional intervention.
c. Both a and b.
d. An ergonomic analysis.

10. The concept in early childhood care was coined from
a. Studies in special education.
d. Neurological studies at an early age.
c. Studies on developmental progress.
d. All of the above.

11. The concept of at-risk population within early childhood pro-
grammes includes
a. Early or late pregnancies.
b. Nutritional problems in the newborn.
c. All situations that may include developmental problems during

or after the birth of a new being.
d. All of the above.

12. In large premature infants
a. Gestational age is between 28 and 37weeks.
b. Its weight is 1500 gr.
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c. They will have major respiratory, neurological, perceptual-behav-
ioural and maturational problems.

d. Have early visual development.
13. In early care, Activities for Daily Living (ADLs) are related to:

a. The area of language development.
b. The area of behavioural development.
c. Personal autonomy and socialisation.
d. Visual analysis.

14. Hypertonia is
a. An increase in muscle tension or tone.
b. A decrease in muscle tension or tone, or in the tone of an

organ.
c. A degenerative disorder.
d. An increase in blood pressure.

15. The analysis indicators that the occupational therapist has to consider
when creating and implementing early stimulation programmes are:
a. Analysis of routines in the daily life of a social group.
b. Analysis of emotion recognition and expression behaviour.
c. It is one of the variables to be considered but not the only one.
d. The morphosyntactic development of language in the user.

Appendix B

Across
1. In the clinical case studied the second most affected area of

development is
2. In the clinical case studied at the level of socialisation develop-

ment, the child has a developmental age of 18months and the dif-
ficulties are centred on sitting, walking, sphincter control, drooling
control and

3. In the clinical case studied at the level of Cognitive development,
the user has a developmental age in months of

4. In the clinical case studied the fourth most affected area of devel-
opment is

Down
1. In the clinical case studied the most affected area of development is
2. In the clinical case studied at the level of Gross Motor Skills, the

greatest difficulty is
3. In the clinical case studied, the birth was premature at which

week of labour?

Appendix C

Table C1. Relationship between the RQs proposed in this study, the experimental studies basis for this study and the findings of this study.

Relationship with
the RQs

Experimental
baseline studies

Findings from the
experimental

baseline studies

Limitations
identified in the
experimental

baseline studies

Relationship of the
present study to the

experimental
baseline studies

Limitations of the
present study

Future lines of
intervention of the

present study

RQ1, RQ2, RQ3, RQ4 Alemdag, E., &
Cagiltay, K.
(2018). A
systematic review
of eye tracking
research on
multimedia
learning.
Computers and
Education, 125,
413–428. https://
doi.org/10.1016/j.
compedu.2018.
06.023

Eye tracking
technology is
beginning to be
used, especially
by university
students learning
in multimedia
environments, for
the detection of
differences in
information
processing and
the use of
cognitive and
metacognitive
strategies.
The use of multi-
channel materials
implies a higher
cognitive load.

No limitations but
suggestions for
future studies are
noted on eye
tracking
technology
The study
supports the use
of
eye-tracking
technology in the
field of
educational
research to study
learning
processes in
detail rather than
simply observing
the
learning
outcomes.
They also point
to the
importance of
including self-
regulated
materials either
through voice or
through diagrams
and pictures to
compensate for
differences in
prior knowledge.

In this study, a self-
regulated video
task was
designed in a
voice-over format
that also included
diagrams and
images. No
effects of prior
knowledge on
learning
outcomes were
found in the
students to
whom this
laboratory was
applied.

The laboratory was
implemented in a
limited time.
However,
applying this
technology on a
one-to-one basis
to 31 students
took three weeks
of intervention.

Ideally, the learner
should have an
instrument that
allows him/her to
test his/her
performance
throughout the
learning process.

RQ3 and RQ4 Andrzejewska, M., &
Stoli�nska, A.
(2016).
Comparing the
difficulty of tasks

Fixation time
increases, and
the number of
fixations
decreases when

No contributions. In this study,
significant
differences were
found between
students in the

The authors worked
with a specific
task of short
duration and
with a selected

Future studies will
delve deeper into
the learning
patterns of each
student and will

(continued)
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Relationship with
the RQs

Experimental
baseline studies

Findings from the
experimental

baseline studies

Limitations
identified in the
experimental

baseline studies

Relationship of the
present study to the

experimental
baseline studies

Limitations of the
present study

Future lines of
intervention of the

present study

using eye
tracking
combined with
subjective and
behavioural
criteria. Journal of
Eye Movement
Research, 9(3), 1–
16. https://doi.
org/10.16910/
jemr.9.3.3

the cognitive
load is high. It is
important to
determine the
cognitive load for
each learner on a
task-by-task basis
to make grading
criteria.

grouping clusters.
Students grouped
in cluster 1 had
more FC, FD and
in SC and made
more visits to
information in
relevant vs. non-
relevant areas.

sample of health
science students.

study the
differences
between students
in cluster 1 vs.
those in cluster 2
regarding the
analysis of the
scan path figures
(tracking paths
used).

RQ2 and RQ3 Asadi, A.,
Saeedpour-Parizi,
M. R., Aiken, C.
A., Jahanbani, Z.,
Houminiyan
Sharif Abadi, D.,
Simpson, T., &
Marchant, D.
(2022). Effects of
attentional focus
and cognitive
load on novice
dart throwing:
Evidence from
quiet eye
duration and
pupillary
responses.
Human Movement
Science, 103015.
https://doi.org/10.
1016/j.humov.
2022.103015

An increase in pupil
diameter is
related to an
increased
cognitive load.

No contributions. Significant
differences in
pupil diameter
were found in
the AOI-R and
AOI_NR stimuli.
Students grouped
in cluster 2 had a
larger pupil
diameter in all
stimuli.

The authors worked
with a specific
task of short
duration and
with a selected
sample of health
science students.

Future studies will
address the
behavioural
profile of
students on the
platform in the
different groups
to establish
hypotheses as to
why there is a
higher cognitive
load in some
students than in
others.

RQ1 and RQ4 Molenaar, I., de
Mooija, S.,
Azevedo, R.,
Bannertc, M.,
J€arvel€ae, S., &
Ga�sevi�c, D.
(2023). Measuring
self-regulated
learning and the
role of AI: Five
years of research
using multimodal
multichannel
data. Computers
in Human
Behavior, 139,
107540. https://
doi.org/10.1016/j.
chb.2022.107540

Technologies can
help to detect,
diagnose and
improve the SRL
process through
the use of multi-
channel
resources.
Specifically, the
use of Artificial
Intelligence
techniques opens
up a range of
possibilities in
the field of
educational
technology.

Few studies use
multi-modal or
multi-channel cut
off tasks.
The data analyses
applied are often
straightforward.
Few studies use
IA techniques.
The use of
technology that
supports SRL
together with AI
analysis will
facilitate the
improvement of
SRL in virtual
environments.

This study provides
a multi-channel
material
developed from
SRL.
This task has
been applied
within an eye-
tracking
environment that
has modelled its
development.
It also applies
unsupervised
machine learning
techniques of
cluster analysis to
study the results.

The authors worked
with a specific
task of short
duration and
with a selected
sample of health
science students.

Future studies will
extend the time
of task
development
with SRL.
It will be applied
to students from
other branches of
knowledge. Other
supervised
machine learning
techniques will
be included to
study the results.

Liu, H. C. (2021).
Using Eye-
Tracking
Technology to
Explore the
Impact of
Instructional
Multimedia on
CFL Learners’
Chinese Character
Recognition. The
Asia-Pacific
Education
Researcher, 30,
33–46. https://
doi.org/10.1007/
s40299-020-
00512-2

The features of the
task presentation
determine the
cognitive load on
learners.
Variations can be
found depending
on the learning
profile of each
learner.

It is oriented
towards future
studies analysing
the effects of
voice as an aid in
learning
materials.

The use of a self-
regulated video
has been shown
to be an
important
resource for
increasing
student learning
outcomes.

The work has been
done with a
specific task (a
short self-
regulated video).

Future studies will
analyse the
indicators of
cognitive load in
the different
resources
implemented in
the self-regulated
video
(underlining,
outlining and
voice).
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present study to the
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baseline studies
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present study

Future lines of
intervention of the

present study

RQ1 and RQ3 Pi, Z., & Hong, J.
(2016). Learning
process and
learning
outcomes of
video podcasts
including the
instructor and
PPT slides: A
Chinese case.
Innovations in
Education and
Teaching
International,
53(2), 135–144.
https://doi.org/10.
1080/14703297.
2015.1060133

The teacher’s
PowerPointTM

presentation
facilitated the
acquisition of
declarative, but
not procedural
knowledge.
Videos that
included
procedural
knowledge
learning
increased the
cognitive load.
However,
students who
participated in
learning with
these materials
through visual
tracking reported
better learning
outcomes.
Tasks that
implement
information
through various
channels have a
higher cognitive
load on the
learner.

These authors
conducted the
study in the
laboratory, not in
natural learning
contexts. They
also explored the
learning of a
single concept
"attachment".

In this study, the
authors
conducted it in a
light and
temperature-
controlled
context but it
was a classroom,
not a laboratory.
Also, the video
used in the study
included
procedural
knowledge for
the execution of
a practical.
However, it also
found
improvements in
the learning
outcomes of the
students who
had participated
in the laboratory
and had been
monitored with
eye tracking.
It has been found
that the task
(stimulus 3, a-
virtual laboratory)
had a higher
cognitive load on
the students.

The authors worked
with a specific
task of short
duration and
with a selected
sample of health
science students.

The use of eye-
tracking
technology in
natural learning
contexts will be
applied and
included as a
standard resource
in the classroom.
The aim is to
monitor student’s
learning in the
performance of
different learning
tasks.

RQ3 Ponce, H�ector R.,
Mayer, R. E.,
Loyola, M. S.,
L�opez, M. J., &
M�endez, E. E.
(2018). When two
computer-
supported
learning
strategies are
better than one:
An eye-tracking
study. Computers
and Education,
125, 376–388.
https://doi.org/10.
1016/j.compedu.
2018.06.024.

The highlighting of
information
makes it easier
for students to
understand. The
use of eye-
tracking
technology made
it possible to
examine
cognitive
processing during
learning and to
compare the
results with
learning
outcomes.

The study was
carried out over a
short period and
on a single type
of task, which
was text reading.
It is suggested
that similar
studies should be
carried out on
other tasks and
the importance
of longer periods
is noted.

This work also
found better
learning
outcomes in the
students who
participated in
the laboratory.
The video they
watched
contained
highlighted
information.
However, it has
limitations that
Ponce et al.
(2018) also note
in their work.

The authors worked
with a specific
task of short
duration and
with a selected
sample of health
science students.

RQ3 Ponce, H. R., Mayer,
R. E. & M�endez,
E. E. (2022).
Effects of
Learner-
Generated
Highlighting and
Instructor-
Provided
Highlighting on
Learning from
Text: A Meta-
Analysis.
Educational
Psychology
Review, 34, 989–
1024 https://doi.
org/10.1007/
s10648-021-
09654-1

Highlighting
teacher-
generated
materials
enhances the
learning of
university
students.
If these materials
are accompanied
by pictures or
diagrams, the
learning potential
is increased.

One limitation of
the effect of
underlining may
be the students’
lack of familiarity
with this type of
material.

In this paper, we
have found
evidence of
differences in
information
processing in the
clusters of
students found.

This study worked
with a specific
task of short
duration and
with a selected
sample of health
science students.

Future studies will
analyse the
cognitive load
experienced by
students in
different tasks
(underlined, non-
underlined, with
outlines, without
outline support,
with voice
support, without
voice
support, etc.).
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RQ1 and RQ3 Orru, G., & Longo, L.
(2019). The
Evolution of
Cognitive Load
Theory and the
Measurement of
Its Intrinsic,
Extraneous and
Germane Loads:
A Review. In L.
Longo and M. C.
Leva (Eds.),
Human Mental
Workload: Models
and Applications
(pp. 23–48).
Springer
International
Publishing.

Variations in the
perception of
cognitive load
depend on the
type of task and
the cognitive
effort each
learner requires
to complete it.

This study worked
with a specific
task of short
duration and
with a selected
sample of health
science students.

Future studies will
analyse the
indicators of
cognitive load in
the different
resources
implemented in
the self-regulated
video
(underlining,
outlining and
voice).

RQ1 and RQ2 Souchet, A. D.,
Philippe, S.,
Lourdeaux, D., &
Leroy, L. (2022).
Measuring Visual
Fatigue and
Cognitive Load
via Eye Tracking
while Learning
with Virtual
Reality Head-
Mounted
Displays: A
Review.
International
Journal of
Human-Computer
Interaction, 38(9),
801–824. https://
doi.org/10.1080/
10447318.2021.
1976509

Cognitive load refers
to the number of
resources the
learner has to
process in
working memory.
Visual fatigue can
be measured by
the number of
blinks and
cognitive load by
pupil diameter.
The use of eye-
tracking
technology
facilitates the
collection of
these metrics.

The authors reflect
that there are
few studies that
refer to the use
of technology
during real
learning
situations. They
also point out
that it would be
interesting to
include
techniques such
as EEG that
would provide
more metrics that
could more
accurately
support the
detection of
cognitive load.
However, visual
fatigue seems to
be measured by
blinks and
cognitive load by
pupil dilation.
The most intense
periods are at the
beginning of
learning.

The use of a self-
regulated video
in the laboratory
may have
mitigated the
effects of visual
fatigue detection
and cognitive
load on the level
of learning
outcomes.
However, mean
effect values on
pupil diameter
were detected in
the relevant and
non-relevant
AOIs.

The authors worked
with a specific
task of short
duration and
with a selected
sample of health
science students.

It would be
interesting to
apply monitoring
technology to all
proposed
learning tasks in
a natural learning
environment.

RQ1 and RQ3 Tong, S., & Nie, Y.
(2022). Measuring
Designers’
Cognitive Load
for Timely
Knowledge Push
via Eye Tracking.
International
Journal of
Human-Computer
Interaction, 1–14.
https://doi.org/10.
1080/10447318.
2022.2057898

The detection of
cognitive load on
certain tasks
through non-
invasive
measurement
techniques such
as eye tracking is
a promising
indicator for
improving
performance.

No limitations are
identified, but
challenges such
as the following:
measuring
multimodal
cognitive load
from behavioural
analysis measures
in virtual
environments
based on mouse
clicks, keystrokes,
etc. The idea is
to obtain real-
time feedback.

Students who
participated in
the laboratory,
where eye-
tracking
technology was
applied, obtained
better learning
results. Feedback
on one’s own
performance
through the
acquisition of
measurement
parameters gives
the student
feedback on their
performance. It
helps them to

The laboratory was
implemented in a
limited time.
However,
applying this
technology on a
one-to-one basis
to 31 students
took three weeks
of intervention.

Ideally, the learner
should have an
instrument that
allows him/her to
test his/her
performance
throughout the
learning process.
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focus on the
strengths and
weaknesses of
their intervention.

RQ1 Wiedbusch, M. D.,
Kite, V., Yang, X.,
Park, S., Chi, M.,
Taub, M., &
Azevedo, R.
(2021). A
Theoretical and
Evidence-Based
Conceptual
Design of
MetaDash: An
Intelligent
Teacher
Dashboard to
Support Teachers’
Decision Making
and Students’
Self-Regulated
Learning.
Frontiers in
Education, 6, 1–
13. https://doi.
org/10.3389/
feduc.2021.
570229

The monitoring of
students’
cognitive and
metacognitive
processes in the
learning process
through ALT is
referential for the
teacher’s
decision-making
in order to
facilitate learning
outcomes, as
these resources
provide
information
about the
cognitive load of
each student in
each task.

They do not point
out any
limitations but
only refer to the
fact that this
approach is the
future of the
teaching-learning
process and that
there are few
studies on it.

The monitoring of
the students’
performance
during the
laboratory has
provided
indicators of the
students’ learning
process by
detecting
differences and
elements that
could be
reinforced.

Only one task has
been worked on
in a short period.

It would be
important to
increase the time
spent using
monitoring
systems such as
eye tracking in
more tasks.
However, this
would require
technology that
is easier to use in
natural contexts
and also a
system for
analysing and
interpreting the
data to provide
teachers with
real-time
information
about their
students’
processing.
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