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ABSTRACT 
Online learning has been spreading with the increasing availability 

and diversity of digital resources. Understanding how students’ 

cognitive load and affect changes when using learning technologies 

will help us decipher the learning process and understand student 

needs. In this research, we focus on modeling learner’s cognitive 

load and affect using real-time physiological reactions. We explore 

what affect modeling contributes to the modeling of cognitive load, 

and how real-time cognitive load changes alongside learning activ-

ities. We want to further investigate if cognitive load modeling 

helps diagnose learner knowledge and facilitates improvement. We 

have designed two case studies: one where students are learning 

python with an e-learning system and another where they are prac-

ticing literacy skills with a web-based learning game. To collect 

learner data, we have implemented a sensing prototype consisting 

of an eye tracker and a wireless wristband. 
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1. INTRODUCTION 
The cognitive processes that underpin information processing and 

knowledge construction in learning have gained increasing atten-

tion from educational researchers. Prior studies have found 

cognitive load has a complex relationship with learning perfor-

mance [22]. Models like cognitive load theory (CLT) [24, 33] have 

been used to explain the learner's cognitive process. How student 

cognitive load reacts when dealing with an abundance of infor-

mation is a key component of learning performance. While 

previous research has shown the impact of cognitive load on learn-

ing outcomes, the exploration of its real-time changes when 

learners use online educational technologies has not yet been fully 

conducted.  Moreover, the diversification of how learning materials 

are presented and changes in the corresponding learning methods 

suggest a need to explore their impact on learner cognitive load.  

Although CLT effectively represents learner processing, some have 

argued that it fails to fully explain learning performance [21, 24].  

Recent research has suggested people’s affective reactions might 

contribute to changes in their cognitive load during learning given 

the role that affective states seem to play in learning [10]. Neuro-

science research has suggested that the brain mechanisms 

underlying affect and cognition are not fundamentally different 

[18]. The potential interactivity between affect and cognitive load  

[9, 11, 16] suggests that there may be value in jointly modelling 

these constructs. 

Previous learner modeling studies using cognitive load mostly fo-

cused on supporting adaptation (e.g., feedback [6], problem 

selection [17]) to improve student performance. We argue that by 

including learner affect alongside their cognitive load, learner mod-

eling has the potential to help improve learner’s experiences while 

supporting effective learning. 

In this thesis project, we explore the potential of modeling students’ 

real-time cognitive load when using online educational tools to sup-

port adaptive learning experiences. We highlight a learner’s 

affective reactions and their contributions to cognitive load, as one 

of the areas that has not been sufficiently considered in previous 

student modeling studies. Based on recent research in cognitive 

processes in learning, we believe a learner’s cognitive load is af-

fected by the difficulty of tasks and the sequence of learning units 

so it can change alongside the learning process.  

To achieve our goal, user studies across different educational do-

mains will be conducted. The online learning environments include 

one that supports learning to program in python and an edu-game 

for supporting literacy development. A sensing platform has been 

built to collect and synchronize different types of learner physio-

logical data. Multimodal analysis will be conducted to detect 

learner cognitive load and affect. The modeling of cognitive load 

will be used for predicting the learner’s knowledge in each domain. 

2. RELATED WORK 

2.1 Cognitive Load and Affect 
CLT is widely used. Its application in educational design to en-

hance instruction has supported the learning of children, teens [35], 

and older adults [23, 38] in a wide variety of domains. CLT is 

grounded in an understanding of the human cognitive architecture 

that is supported by previous research on working memory models 

[2] and mental effort [31].  

There are three types of cognitive load. Intrinsic load (IL) is the 

inherent difficulty of what needs to be learned and should be man-

aged so it does not exceed the capacity of working memory. 

Extraneous load (EL) is unnecessary load that does not support 

learning [20, 34]. It is usually caused by specific learning activity 

or system designs. The third kind is germane load (GL) which re-

fers to the mental resources devoted to acquiring and automating 

schemata. 

CLT can help understand student’s learning patterns and provide 

guidance for adaptive learning design. However, we expect that it 

will not be enough to model the cognitive load of students since 

recent neuroscience research has shown the interconnectedness of 

 

 

Do not delete, move, or resize this block. If the paper is accepted, this block will 

need to be filled in with reference information. 

 

 

 

 

M. Cai and C. D. Epp. Modeling cognitive load and affect to support
adaptive online learning. In A. Mitrovic and N. Bosch, editors, Pro-
ceedings of the 15th International Conference on Educational Data
Mining, pages 799–804, Durham, United Kingdom, July 2022. Inter-
national Educational Data Mining Society.

© 2022 Copyright is held by the author(s). This work is distributed
under the Creative Commons Attribution NonCommercial NoDeriva-
tives 4.0 International (CC BY-NC-ND 4.0) license.
https://doi.org/10.5281/zenodo.6853020

mailto:cdemmansepp@ualberta.ca
https://doi.org/10.5281/zenodo.6853020


affect and cognition despite earlier theories that posited the pro-

cesses were separate [26]. Studies suggest that cognitive and 

affective behaviors have rich interactions and some argue that emo-

tions arise from the same general cortical system that processes 

cognition [18]. These findings support the joint inclusion of affect 

and cognitive load within learner models. 

While research on the connection of affect and learning has been 

performed for a long time [37], many studies have explored affect 

without considering its implication on cognitive load. For example, 

previous research on negative emotions argued students experienc-

ing longer periods of boredom tended to have lower scores than 

those experiencing positive emotions [7]. However, the type of 

negative affect is important; students might have better learning 

performance when given erroneous examples even though those 

examples produced confusion and frustration [5].  

While some argue the interrelatedness of affect and cognition, there 

is no consensus on how to incorporate affect into cognitive load 

modeling. Some argue affect could increase extraneous cognitive 

load because emotion regulation may add non-task-related pro-

cessing that consumes extra cognitive resources [12]. Others have 

suggested that affect could be considered beneficial as it can foster 

motivation so that learners invest more cognitive effort [14]. Even 

negative emotions could motivate learners to turn to learning for 

shifting their attention away from their negative emotional states 

[4]. In this thesis project, we would like to recognize a student’s 

affective reactions in the context of computer-supported online 

learning and seek to investigate how affect contributes to learner 

cognitive load in these settings. 

2.2 Measurement of Cognitive Load & Affect 
To achieve our goal, appropriate data collection and modeling ap-

proaches must be selected. Commonly used methods include 

subjective rating scales as well as task- and performance-based 

methods. According to Paas and van Merriënboer’s work, cognitive 

load can be assessed using aspects of mental load, mental effort, 

and performance [25]. Subjective rating scales have been widely 

used and are grounded in a belief that people can reflect on their 

cognitive processes and report the amount of mental effort ex-

pended. The NASA task load index (NASA-TLX) is one 

instrument that attempts to capture this type of information [13]. 

However, it might not be able to measure unconscious and auto-

matic processes. Task-based and performance-based methods have 

also been commonly used to measure cognitive load by measuring 

reaction time or accuracy on a secondary task. Although monitoring 

such tasks itself requires few cognitive resources, their use may in-

terfere with the primary task when a reaction is necessary [8].  

As the nature of questionnaires and performance evaluation im-

plies, the above two methods rely on data collection after an 

experiment, which fails to support continuous monitoring. Brain-

activity-based methods such as electroencephalography (EEG) 

have been used for identifying changes in cognitive load [1]. This 

measurement approach requires wearing complex instruments that 

are obtrusive to users. More recently, with advances in sensing 

technologies, physiological-data-based methods have presented the 

potential to address this issue. Eye-tracking technology is one of 

these sensors that can now be worn like a pair of glasses. This sen-

sor provides information about pupillary response, which is 

considered a reliable source that enables the investigation of cogni-

tive processes. One project found that pupil diameter changes 

indicated visual presentations that induced lower cognitive load in 

a math-education context [15], More generally, increased cognitive 

load has been associated with increases in pupil diameter due to 

decreasing parasympathetic activity in the peripheral nervous sys-

tem [3].   

In addition to estimating cognitive load through dynamic pupillary 

information, research has shown that user’s gaze trajectory data can 

be reliable for quantitatively measuring reading behavior. For ex-

ample, eye-gaze data has been used to infer user cognitive style in 

reading activities [28] and the impact of distractions on surgeons’ 

intraoperative performance [32]. Such visual information is the key 

to investigating learner attention patterns and strategic processes. 

In the context of affect measurement, three groups of tools are com-

monly used: psychological (i.e., self-reported), physiological, and 

behavioral [39]. While psychological methods often depend on re-

spondents’ ability to consciously process their affective responses, 

physiological methods allow researchers to capture non-conscious 

aspects. Physiological arousal data, such as Electrodermal activity 

(EDA) and skin temperature, are considered to provide robust sig-

nals for measuring affect [29].  

In this thesis project, we incorporate questionnaires and physiolog-

ical tracking including eye-tracking data, cardiovascular responses, 

and EDA data for cognitive load and affect measurement.  

3. RESEARCH QUESTION & APPROACH 
Considering the research problem mentioned above, the overall 

goal of this thesis is to model students’ cognitive load and affect 

across instructional domains. To address this goal, case studies will 

be conducted to collect learner data, including their performance 

and reactions to learning activities. Models will then be developed 

using the collected data. Across this work we will answer the fol-

lowing questions.  

Q1 What does affect modeling contribute to the modeling of cog-

nitive load in online learning settings? 

Q2 How does learner affect and cognitive load change alongside 

their learning when interacting with educational systems?  

Q3 Can affect and cognitive load help in identifying a learner's 

knowledge state and trajectories? 

To answer these questions, we have designed and will conduct lab-

based case studies. Two case studies will be performed with differ-

ent educational technologies: one is used to teach undergraduate 

students how to program and the other helps students improve their 

reading comprehension.  

3.1 What does affect modeling contribute to 

the modeling of cognitive load in online 

learning settings? 
We would like to investigate the added benefit, if any, of jointly 

modeling affect and cognitive load so we can determine what affect 

contributes to learner cognitive load modeling.   

Considering the dynamic, sequential nature of cognitive load, we 

will use hidden Markov models (HMM) to model learner’s cogni-

tive load. An HMM approach demands that the system has 

observable evidence that suggests the value of a hidden state. We 

will use the physiological reactions as observable signals to esti-

mate the hidden cognitive load state. 

We will compare the performance of estimating intrinsic and extra-

neous cognitive load using physiological features, i.e., pupil 

dilation (PD) and heart rate against the performance of estimating 



these loads when also including EDA data. Participant responses to 

affect and cognitive load scales will be used as a reference.  

For the pupil data, we will use changes in PD instead of its absolute 

value as a feature to eliminate the influence of individual differ-

ences on model training. In a preprocessing step, we will calculate 

PD values as proportion change, by dividing pupil size by the grand 

mean PD size during the baseline period averaged across all at-

tempts. 

3.2 How does learner affect and cognitive 

load change alongside their learning when 

interacting with educational systems? 
We will investigate the dynamics of cognitive load and affect 

across learning activities with a focus on what contributes to 

changes in cognitive load and affect. We are especially interested 

in understanding how the learning activity sequence and user inter-

face design contribute to these latent states.  

We would like to compare the continuous reactions of cognitive 

load and affect with information from learner behaviors and perfor-

mance with educational technologies. Learner's interaction and 

learning performance information (i.e., score, task completion) will 

be extracted from the learning systems. Learner behavior data will 

come from two sources: the learning system’s logs (i.e., keyboard 

input, buttons clicked, questions answered) and eye tracking (i.e., 

gaze point and trajectory).  

We will investigate what kinds of information contributes to in-

creasing cognitive load or changes in affect by comparing the eye 

information actions obtained by students at critical moments (the 

moment when cognitive load or affect change).  

Ideally, we will compare the cognitive load and affect levels of stu-

dents who had similar achievements. This analysis will be done 

across their learning session(s) to explore whether there is a specific 

pattern among them. 

3.3 Can affect and cognitive load help in iden-

tifying a learner's knowledge state and 

trajectories? 
We will use the models developed under section 3.1 and 3.2 to help 

predict a learner’s knowledge and how it changes during learning. 

To answer this question, initial experiments will be conducted to 

predict a learner’s knowledge level. The prediction of this infor-

mation can be important for providing suitable learning materials 

and learning sequences. As an initial step, we will evaluate two ap-

proaches: one heuristic with collaborative filtering (CF) and the 

other machine learning (ML) using engineered features. Based on 

the initial results, further experiments will be performed to identify 

changes in learner knowledge or mastery.  

4. PROGRESS TO DATE & PLAN 
So far, we have implemented our sensing platform and designed 

two case studies. The proposed case studies have been approved by 

our institutional Research Ethics Board (REB), and we have begun 

piloting the first. 

4.1 Sensing System 
In our literature search, we noticed there is no integrated sensing 

system to allow us to easily collect multiple types of learner physi-

ological data. In this project, we choose multimodal analysis to 

support the recognition of cognitive load and affect. Thus, we need 

a sensing platform that enables us to collect and synchronize a 

learner’s physiological features automatically. This generates data-

bases of learners’ physiological reactions that can be used to extract 

their cognitive load and affect characteristics. Our approach fo-

cuses on modeling with two dimensions of real-time physiological 

information: pupil dynamics collected by an eye tracker and cardi-

ovascular and EDA data from non-invasive wearable sensors. As 

mentioned in Section 2, previous studies have shown the possibility 

of using pupil dynamics and electrodermal activity to investigate 

the continuous monitoring of cognitive load. These types of data 

have also been used to recognize state-based affect. 

We developed our sensing platform that allows subjects to remain 

relatively comfortable (Figure 1-a). The platform consists of two 

non-invasive sensors and a software system that facilitates the syn-

chronization of data from different channels. The first sensor is an 

open-source eye tracker (Pupil Core, Pupil Labs), which records 

dual eye movements at 200 Hz and includes gaze tracking and pu-

pillometry. It is worn like normal glasses and consists of a scene 

camera that records what the user sees. The second sensor is a wire-

less wristband (E4, Empatica Inc.), which is worn as a wristwatch 

and connected via Bluetooth. The wristband includes photoplethys-

mography (PPG), electrodermal activity (EDA), skin temperature, 

and accelerometer sensors. The PPG sensor is used to measure 

blood volume pulse (BVP) which can then be used to calculate 

heart rate.  

As these time series data come from different sources, they need to 

be synchronized to enable analysis. For this purpose, we have de-

veloped a system based on an open multi-model recording 

framework – Lab Streaming Layer (LSL). This system will be used 

to support real-time data streaming, synchronization, and recording 

with a laptop.  

4.2 Case Studies 
According to what we discussed in Section 3, our case studies will 

collect three types of learner data (Figure 1-b): (a) physiological 

Figure 1. Study Overview: (a) shows the device set up and (b) shows the overall process 



data from the sensing system, (b) self-report measures, and demo-

graphic information from questionnaires, and (c) learner interaction 

and performance from the learning system.  

4.2.1 Experiment procedure 
The experiment will take approximately 90 minutes. Sensor cali-

bration will follow consent. Participants will interact with a specific 

e-learning system for approximately 60 minutes. Sensors will be 

used to collect learner data as they perform learning tasks in the 

system. Self-report instruments for measuring affect and cognitive 

load will be administered every 5-10 minutes. Demographics will 

be collected at the end.  

4.2.2 Learning environments (LE) 
The first study (S1) will be conducted when students are learning 

programming using the Mastery Grids e-learning system within our 

lab (Figure 2). This system visualizes learner progress and provides 

multiple types of interactive learning activities. An explicit, visu-

ally rich representation with social comparison helps students track 

their activities alongside those of their peers. Interactive learning 

content with feedback helps students practice and makes them 

aware of the knowledge they are expected to learn.  

 

 

Figure 3 In the strengthening of their role in the virtual game 

world, learners are motivated to solve reading tasks with ap-

propriate difficulty levels: (a) game interface, (b) a passage, and 

(c) an English-language arts question. 

The second study (S2) will be conducted when learners are using a 

web-based online learning game (Figure 3). It engages players to 

enhance literacy skills for English learning using a popular base-

building game design. Players pretend to be in the realm of dreams 

and are tasked with defending their virtual home from invading 

“reveries” (in-game creatures). The game combines the strategy 

and engagement of the game factors with passage reading and com-

prehension tasks to create an interactive learning experience.  

4.2.3 Participants 
Different people will be recruited for each case study. The target 

participants in S1 will be 35 undergraduate students registered in 

an introductory computer science course that teaches how to pro-

gram in python. The target participants in S2 (n = 35) will be 

students registered in an English as an additional language course.  

4.2.4 Self-reported measures 
In this project, self-report information will be used as verification 

of our sensor-based measurement. We follow the definition of CLT 

[33], dividing cognitive load into three types: intrinsic, extraneous, 

and germane. Based on prior work [19], we developed Likert-scale 

items to measure all three types of cognitive load.  

Affect has been defined in many different ways, and no generally 

agreed upon definition has emerged [26, 27]. We follow Russell’s 

model [30] that describes affect in two dimensions – arousal and 

valence. We adopt an established scale – the international positive 

and negative affect schedule short-form (I-PANAS-SF) [36] to 

measure both the positive and negative affect of learners.  

We will collect participants’ demographic information using a 

questionnaire at the end of the study session. In addition to basic 

information (e.g., age, gender) we will collect information about 

participants’ programming background for S1 and language-learn-

ing background (e.g., mother tongue, IELTS/TOEFL scores) for 

S2.   

4.3 Future Work 
In conclusion, we have implemented the sensing prototype and de-

signed the case studies that will collect learner data for student 

modeling. We will conduct the case studies and perform the mod-

eling work. 

If modelling cognitive load and affect better explains student learn-

ing trajectories, we will incorporate these models so that they 

inform system adaptation, thus optimizing student learning experi-

ence and performance. 
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