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Abstract 
As the technology for physiological data collection is advancing at a great speed, eye tracking data 
has become one of the valuable cues for learners’ mind. Eye movement, which reflects one’s 
conscious thought as well as unintended perception, is gaining attention from scholars and 
corporations as a significant indicator of learning experiences and achievements. Moreover, the 
advance of measuring pupillary response for cognitive load facilitated new approaches for 
investigating natures and fundamental of cognitive load mechanism during actual learning process. 
The purpose of this study, therefore, is to understand of the relationship between pupillary measured 
cognitive load of learners with diverse individual characteristics, such as prior knowledge, and 
achievement. To maximize the use of gaze data, this study specifically focuses on the video learning 
context. After basic survey, all participants were asked to watch two learning videos of proposition in 
mathematics, each playing about 12 minutes. Participants had to take post-test after watching videos 
for checking learning achievements. Pupillary response was collected with Tobii, the eye-tracking 
device during entire video learning. We adopt APCPS for calculating pupillary responses. Groups are 
divided by post-test score, High achievement groups(HAG) and Low achievement groups(LAG). We 
performed 2 types of t-tests one was independent t-test of APCPS between achievements groups and 
the other was paired t-test as APCPS within achievements groups. There was a significant difference 
of cognitive load only in the within HAG between learning 1, 2. There was no significant differences of 
cognitive load between achievement groups. Considering total cognitive load in learning process is 
combined with three types of cognitive load, extrinsic, intrinsic, and germane load, the result can be 
explained that even though there are no differences in total cognitive load, it is possible the interaction 
among three cognitive load types to affect the quality of cognitive load in learning process.  

Keywords: cognitive load, pupillary response, eye-movements, achievement, online learning, video-
based learning. 

1 INTRODUCTION  
This research began with the interest in the process of video learning in order to look into the second 
by second information on cognitive load a learner provides as he/she experiences learning on video. 
There are numerous studies trying to identify the changes in cognitive load when learners are 
performing specific tasks such as arithmetic or reading problems. However, understanding what 
happens within an individual while learning through videos – that is, usually before performing tasks – 
is not fully in sight yet. This is unfortunate since the researchers are more than ever able to follow the 
digital footsteps learners left behind using physiological measurement such as pupillometry, heart rate 
variability (HRV), electroencephalogram (EEG), etc. These technologies enable researchers to tap 
into “big data” that has been invisible until now, unveil what has been hidden inside learners and 
account for various aspects they show because of learning.  

Learning Analytics is a field trying to take advantage of those technological advances. By looking at 
data left behind, it focuses on what they indicate and interpret them to suit the needs of instructional 
designers to provide what is best fit for each learner’s learning objective [4, 13]. In that sense, video 
could be a highly powerful learning method, especially in an online environment since every move a 
learner makes leaves a trace. It provides hints to researchers, empowering them take a step further 
into truly understanding a learner. Despite its potentials, Learning Analytics has a long way ahead to 
achieve its goal. First and foremost, as to some physiological indicators, there is no stable evidence 
that those reflect specific states of a learner [13]. Thus, one has to be discrete if to analyze 
physiological data to explain a learning phenomenon.  

One of the most actively explained learning phenomenon by physiological measure is cognitive load 
with which pupil size has one of the strongest correlation [1, 5, 9]. Changes in pupil size occur at short 
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latencies between cognitive stimuli, and there is a long line of previous works demonstrating that pupil 
dilation reflects cognitive processing [12].  

1.1 Cognitive load 
Cognitive load is a mental construct which represents the load resulted from performing a task which 
engages one’s cognitive system. A learner’s cognitive system is different from another, so the load is 
the outcome of task combined with learner’s characteristics [2]. Cognitive load is often studied under 
various terms such as mental load, mental effort, working load, etc. However, the basic foundation of 
all these terms lies on the information-processing theory. The theory explains how human cognition 
occurs. The focal point is working memory and long-term memory system. Working memory is where 
actual information processing takes place. A learner perceives selected information in a myriad of 
information influx from sensory motor and tries to figure out what to include in the long-term memory - 
schema. However, the working memory has limited capacity so if one perceives information exceeding 
the maximum range, cognitive load will occur and processing will be ineffective. Thus, managing 
working memory is crucial when designing an instruction [7].  

Cognitive load consists of 3 types: intrinsic load, extraneous or ineffective load, and germane or 
effective load. Intrinsic load can be defined as an interactivity between learning material and a 
learner’s expertise, namely preliminary knowledge [2]. Extraneous cognitive load comes from poorly 
designed instruction, causing ineffective cognitive load to a learner and reducing cognitive capacity for 
learning. In contrast, germane cognitive load is most closely related to schema. It is the result of the 
effort to connect what’s being newly processed to the schema one already has. Thus, the more 
germane cognitive load is used, the more information will be accommodated into a learner’s cognitive 
system. To maximize learning, the ratio of germane load out of total cognitive load should increase [8]. 

1.2 Pupillary response  

1.2.1 TEPR: Task-evoked pupillary response 
Many researches have investigated the relation between pupillary response and cognitive load [3, 5, 
12]. Evidence tells us that there is positive correlation between pupillary response and task difficulties 
or mental workload. Pupillary dilation represents processing mentally workload in the process of 
cognitive task performance [12]. As pupillary responses are easily affected by environmental factors 
(e.g. illumination etc.), physical conditions (e.g. fatigue etc.), or emotional states, it is important to 
differentiate represented cognitive load directly and solely related with actual mental working process. 
Task-evoked pupillary response(TEPR) was suggested to identify the momentary reaction of pupillary 
response in mental work process which produces active cognitive load. TEPR usually involuntarily 
appears less than 0.5mm dilation, representing cognitive load in diverse cognitive processes such as 
short and long-term memory access, vigilance or sensational perception processes [6]. TEPR has 
been widely used to investigate human cognitive process, real time measured cognitive load in 
authentic learning environments need further investigations. This study adopted TEPR, task as 
studying activity with watching online learning video.  

Considering the original purpose of TERP, it is important to minimize obtrusive environmental effect on 
pupillary responses. Head-mounted eye tracking device can bother the learners, producing fatigue 
[11]. Remote eye tracker set apart from the learners can minimize the intrusiveness. Limited 
distractions can facilitate learners to concentrate the learning task of watching learning videos, 
therefore making it easier to draw active cognitive load.  

1.2.2 TEPR measurement  

There are various types of pupillary response calculation metrics. Table 1. shows typical eye metrics. 
MPD is the simplest metric for pupillary response. It shows whether baseline pupillary diameter differs 
by task difficulties [3]. PCPS and APCPS which are essentially same metrics, which has been known 
to be correlated well with mental difficulty of task [10]. MPDC can be shown as function of the level of 
difficulty, whereas MPDCR show how pupillary dilation change during the task process with plus or 
minus signs of its value [3]. We adopted PCPS(APCPS), which is related cognitive load change in task 
difficulties.  
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Table 1.   Types of pupillary response measurement 

 MPD PCPS APCPS MPDC MPDCR 

Definition Mean pupil 
dilation 

Percentage 
change in pupil 

size 

Average of 
PCPS 

Mean pupillary 
diameter change 

Mean pupillary 
diameter change 

rate 

Calculation 

the average 
pupil diameter 
over a given 

interval of time 

the difference 
between the 

measured pupil 
size and a 

baseline pupil 
size divided by 

the baseline 
pupil size. 

the average pupil 
diameter in a 

given number of 
time periods 

minus the mean 
value of the pupil 
diameter in the 

whole 
experimental run 

the discrete-time 
equivalent to the 

first derivative of the 
pupil diameter and 
may be useful for 

assessing moment-
to-moment changes 
in mental workload. 

Related 
researches 

Beatty & 
Lucero-

Wagoner 
(2000) 

Iqbal, Zheng, & Bailey (2004) Klingner (2010) 
Palinko, Kun, 
Shyrokov, & 

Heeman (2010) 

2 METHODOLOGY 

2.1 Participants  
72 healthy university students in their junior year (37 female and 35 males; aged 19-25(M= 21.08, 
SD= 1.39)) participated voluntarily in this study and received monetary compensation for participation. 
Because the subject of learning videos in the experiment was math logic, students majoring in 
Mathematics and Mathematics Education were excluded. All participants had normal or corrected-to-
normal vision and had no history of neurological disorder. The experimental procedures were 
reviewed and approved by the Ewha Womans Unversity Institutional Review Board, and written 
informed consent was obtained from each participant.  

2.2 Apparatus 
Pupil size was recorded using a Tobii Pro X2-30 with a sampling rate of 30Hz. Two monitors were 
placed in the room, one was used to display stimuli to the participant, and the other was for researcher 
to check the phases. Lighting conditions in the room were maintained over the period with constant 
ceiling lights. 

2.3 Experiments procedure 
Arriving at the lab, the participants were guided to fill out a background questionnaire. After eye 
tracking devices were set, the participants were asked to maintain appropriate posture throughout the 
learning process to assure effective collection of pupil dilation. Before the learning videos were played, 
they had been briefly guided on the procedure of the experiment. The participants completed a 
questionnaire on the level of self-efficacy and math anxiety, undertook a preliminary test to measure 
expertise level in the relevant subject matter of what is going to be learned, and watched two learning 
videos on math logic, propositions, lasting about 10 minutes respectively. Each video differed in the 
learning contents and the level of difficulty, video 2 requiring higher level of understanding in the 
subject. Upon completion of each video, the participants took post-test to measure the achievement. 
The preliminary and post-test shared the same 16 questions which each consisted of 3 sub-questions, 
carefully designed to reflect of what has been learned throughout the videos. As the final step of the 
learning process, a questionnaire to record self-reported cognitive load on video 1, 2 was completed 
and the participants moved to another room to conduct stimulated recall interview. 

2.4 Data analysis 
30Hz Pupil dilation data was collected per second. Due to the immense amount, data were firstly 
integrated into a mean value of each second when preprocessed. APCPS metric was used by 
averaging the values of PCPS which defined as the difference between the measured pupil size and a 
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baseline pupil size divided by the baseline pupil size [12]. Individual difference was dealt by 
subtracting baseline. To compare the pupil sizes of the two groups according to learning difficulties in 
video 1 and 2, pupil sizes data of each group were integrated into a mean value of video 1 and 2. 

3 RESULTS 
Post-test scores were used to assign participants to the HAG and LAG groups. This was done 
considering a median split. To find difference in cognitive load we used following two types of t-test. 
First, the independent t-test was used to find the difference between HAG and LAG groups during 
learning. Second, the paired t-test was used to find the difference within HAG and LAG groups during 
learning. Figure 1. shows the boxplot of two t-test results.  

 
Figure 1. Boxplot of t-test results 

Table 2. is the result of independent t-test of APCPS which showed there was no significant difference 
in mean pupil dilation between HAG and LAG. As learning 1, 2 was design by learning difficulties, it is 
against antecedents that there was no significant difference. Considering the unique property of the 
task in this study, however, it is explainable. This study adopted authentic learning environment 
providing true-to-life learning videos as tasks with actual mathematics subjects in high school 
curriculums. The two learning video contents were highly related as the difficulty of learning increasing 
in phases, whereas contents of segmental tasks were exclusive rather than independent. 

Table 2.  Independent t-test of APCPS between achievements groups in learning 1, 2 

  Mean SD t p 

Video 1 

HAG 
(N=32) 

0.0906 0.0668 
0.2679 0.7897 

LAG 
(N=32) 

0.0865 0.0541 

Video 2 

HAG 
(N=32) 

0.0747 0.0620 
-0.2217 0.8253 

LAG 
(N=32) 

0.0781 0.0589 

(*p < 0.5) 

For within-group analysis, the paired t-test was used. Table 3. Below shows there was a significant in 
HAG between video 1 and 2. As mentioned above, the learning contents of video 1 and 2 were 
connected and their structures had been designed to gain more difficulties as the learning procedure 
progresses. Thus, this difference can be explained, HAG learned the learning contents more 
effectively, which also refer had more effective cognitive load in learning process of video 1. 
Considering total cognitive load in learning process is combined with three types of cognitive load, 
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extrinsic, intrinsic, and germane load, it is possible to explain that HAG had more influential germane 
load in video 1 which effected to reduce supplementary cognitive load in video 2.  

Table 3.  Paired t-test as APCPS within achievements groups in learning 1, 2  

  Mean SD t p 

HAG 
(N = 32) 

Video 1 0.0906 0.0668 
3.1793 0.0033* 

Video 2 0.0747 0.0781 

LAG 
(N = 32) 

Video 1 0.0865 0.0668 
1.7255a 0.0944 

Video 2 0.0589 0.0541 

(*p < 0.5) 

4 CONCLUSIONS 
Learning through videos is where on-going cognitive load in learning process can be observed 
simultaneously and precisely. Moreover, TEPR is one of the most powerful way to observe accurate 
cognitive load in learning process. Considering the nature of cognitive load, representative of 
interaction between learning environment, materials and learner’s ability, total cognitive load is not the 
only type to be investigated to explore the relation between on-going, and meaningful cognitive load 
and learning achievement. As germane load, which is defined as meaningful cognitive load, is highly 
related to interaction between the innate difficulty of the learning material and learner’s abilities, the 
quality of learning materials effects the expression of pupillary response for cognitive load. Thus, it 
suggests nevertheless TERP metrics (APCPS in this study) are known as highly reliable cognitive load 
measurement, the total amount of cognitive load by TERP need to be investigated further by types of 
cognitive load.  

Although there were some limitations in this study, such as merging pupillary data of 30Hz to video 
period, which leaves significant worries about information loss, this study was especially meaningful in 
that it approached to investigate cognitive load in learning process in authentic learning environment. 
Cognitive load on authentic learning environment need to be more investigated to establish the 
relation between actual cognitive load and learning outcomes. 

ACKNOWLEDGEMENTS  
This study was supported by Ewha University-Industry Collaboration Foundation.  

REFERENCES  
[1] B. Hoecks, and W. Levelt, “Pupillary Dilation as a Measure of Attention: A Quantitative System 

Analysis,” Behavior Research Methods, vol. 25, no. 1, pp. 16-26, 1993.  

[2] F. G. Paas, and J. J. Van Merriënboer, “Instructional control of cognitive load in the training of 
complex cognitive tasks,” Educational psychology review, vol. 6, no. 4, pp. 351-371, 1994.  

[3] G. Marquart, and J. de Winter, “Workload assessment for mental arithmetic tasks using the 
task-evoked pupillary response,” PeerJ Computer Science, vol. 1, no. e16, 2015.  

[4] G. Siemens, “Learning analytics: envisioning a research discipline and a domain of practice,” 
in Proceedings of the 2nd international conference on learning analytics and knowledge. 
ACM. pp. 4-8, 2012.  

[5] J. Beatty, “Task-Evoked Pupillary Responses, Processing Load, and the Structure of 
Processing Resources,” Psychological Bulletin, vol. 91, no. 2, pp. 276-292, 1982.  

[6] J. Klingner, R. Kumar, and P. Hanrahan, “Measuring the task-evoked pupillary response with a 
remote eye tracker,” in Proceedings of the 2008 symposium on Eye tracking research & 
applications, 2008. ACM. pp. 69-72, 2008. 

[7] J. Sweller, “Cognitive load during problem solving: Effects on learning,” Cognitive science, vol. 
12, no. 2, pp. 257-285, 1998. 

3110



[8] J. J. Van Merrienboer, and J. Sweller, “Cognitive load theory and complex learning: Recent 
developments and future directions,” Educational psychology review, vol. 17, no. 2, pp. 147-
177, 2005.  

[9] M. Juris, and M. Velden, “The Pupillary Response to Mental Overload,” Physiological 
Psychology, vol. 5, no. 4, pp. 421-424, 1977. 

[10] O. Palinko, A. L. Kun, A. Shyrokov, and P. Heeman, “Estimating cognitive load using remote 
eye tracking in a driving simulator,” in Proceedings of the 2010 symposium on eye-tracking 
research & applications. ACM. pp. 141-144, 2010.  

[11] S. P. Marshall, “The index of cognitive activity: Measuring cognitive workload,” in Human factors 
and power plants, 2002. IEEE 2002. pp. 7, 2002.  

[12] S. T. Iqbal, X. S. Zheng, and B. P. Bailey, “Task-evoked pupillary response to mental workload 
in human-computer interaction,” in CHI'04 extended abstracts on Human factors in computing 
systems, 2004. ACM. pp. 1477-1480, 2004.  

[13] W. Greller, and H. Drachsler, “Translating learning into numbers: A generic framework for 
learning analytics,” Educational technology & society, vol. 15, no. 3, pp. 42-57, 2012.  

3111




