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Abstract  
 
Despite the importance of cognitive workload in examining the usability of smartphone 
applications and the popularity of smartphone usage globally, cognitive workload as one 
attribute of usability tends to be overlooked in Human Computer Interaction (HCI) studies. 
Moreover, limited studies that have examined the cognitive workload aspect often measured 
some summative workloads using subjective measures (e.g., questionnaires). A significant 
limitation of subjective measures is that they can only assess the overall, subject-perceived 
cognitive workload after the procedures/tasks have been completed. Such measurements do not 
reflect the real-time workload fluctuation during the procedures. They, therefore, are not useful 
for pinpointing poor designs in user interfaces that are associated with cognitive workload surges 
in the user’s brain during a task.   
  
This dissertation used mixed methods to empirically study (1) the reliability of an eye-tracking 
device (i.e., Tobii Pro Nano) and a low-cost electroencephalogram (EEG) device (i.e., MUSE 2) 
for  detecting real-time cognitive workload changes during N-back tasks, and (2) the potential to 
use the increased cognitive workload detected during tasks to pinpoint user interface areas 
containing potential usability issues in mobile applications.  
 
Results suggest that (1) the EEG measurements collected by MUSE 2 are not very useful as 
indicators of cognitive workload changes in our setting; (2) eye movement measurements 
collected by Tobii are useful for monitoring cognitive workload fluctuations and tracking down 
interface design issues in a smartphone setting; (3) more specifically, the maximum pupil 
diameter is the preeminent indicator of cognitive workload surges; and (4) cognitive workload 
surges may be caused by design issues. One usability issue has been detected and fixed this way 
in a mobile application designed by a National Science Foundation (NSF) sponsored project. In 
conclusion, the pupil diameter measure combined with other subjective ratings would provide a 
comprehensive user experience assessment of mobile applications. They can also be used to 
verify the successfulness of a user interface design solution in improving user experience. 
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Chapter 1 Introduction 
 
Portable media devices, such as smartphones, have become an increasingly pervasive part of our 
lives. There are 6.8 billion mobile phone users worldwide currently, of which 3.2 billion people 
are using smartphones, and mobile users will rise to 7.33 billion by 2023 worldwide (29+ 
Smartphone Usage Statistics, 2019). American adults spent around 3 hours and 30 minutes per 
day using mobile phones in 2019, with an increase of about 20 minutes from 2018, according to 
Zenith (Molla, 2020). Correspondingly, the number of applications in the App Store has soared 
from the initial 500  in 2008 to over 2.2 million in 2017. As a result, mobile phone applications 
receive greater attention from the HCI field, resulting in a  surge in the number of publications. 
We input a query “usability AND phone AND application” with custom time ranges: 1991 -
2000, 2001-2010, 2011-2020 in Google Scholar, and get 8500, 55500, and 68200 results (my 
comprehensive exam paper). 
 
Cognitive workload holds a special place in usability studies of smartphones. Researchers in 
computer engineering and human computer interaction (HCI) have long recognized usability as 
the core of product design, including smartphone application design (Brooke, 1996; Dumas et 
al., 1999; Nielsen, 1993; Shneiderman, 1986). According to the latest ISO 9241-11( 2018) 
usability is "the extent to which a system, product, service can be used by specified users to 
achieve specified goals with effectiveness, efficiency, and satisfaction in a specified context use 
(p.2). '' For simplicity purposes, we use the word product to refer to a system, product, service, 
and application in the paper. Usability testing, just as its name suggests, is a test of a product’s 
usability with users by measuring a set of attributes related to the product. Usability attributes are 
various dimensions related to product usability,  including effectiveness, errors, efficiency, 
learnability, memorability, satisfaction, flexibility, and cognitive workload. Cognitive workload 
means the mental effort required to perform tasks and is particularly important in safety-critical 
applications (Bevan & MacLeod, 1994). Previous research has manifested that cognitive 
workload is an essential aspect of product usability as well (Davids et al., 2015; Harrison et al., 
2013). Kathryn Whitenton, Director of Digital Strategy in the Nielsen Norman Group, 
emphasized the importance of minimizing cognitive workload to maximize usability 
(Whitenton, 2013). 
 
Further, Lee et al. (2015) argued that designers need to manage user attention as a precious 
resource while designing mobile operating systems and their applications. According to the Load 
Theory of Attention and Cognitive Control(Lavie & Dalton, 2014), attention and perceptual 
workload are highly dependent on each other. Meanwhile, compared to users of laptop or 
desktop computers, mobile users may be more susceptible to heavy cognitive overload due to 
smaller screen sizes, more limited input modalities, greater risk of unstable connectivity, and 
stronger likelihood of multitasking while using the device (K. Lee et al., 2015; Moran & Salazar, 
2019). Therefore, accurate assessment of a user’s cognitive workload invoked while using a 
mobile application is important for developing and improving the usability of mobile phone 
applications. 
 
Nevertheless, measuring cognitive workload has been recognized as one challenge when taking 
objectivity and causality into consideration (Brünken et al., 2010; Brunken et al., 2003).  
Instruments such as the NASA questionnaire (Hart & Staveland, 1988) help solicit perceived 
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cognitive workload from the users after a task is completed. Results obtained through such 
instruments are tinted with a level of subjectivity and put the causality between stimuli and 
reported cognitive workload in question. On the other hand, electroencephalogram (EEG) 
devices can objectively monitor and record the brain's electrical activity and researchers have 
successfully identified signals from electroencephalogram to measure cognitive workload 
(P. Antonenko et al., 2010; Gevins & Smith, 2003, 2003; Makransky et al., 2019). In recent 
years, researchers have been evaluating the potential of the EEG as a measure of cognitive 
workload in different task conditions: arithmetic tasks (Borys et al., 2017; J. P. Chin et al., 1988; 
Cirett Galán & Beal, 2012; Kumar & Kumar, 2016); cognitive tasks (Trammell et al., 2017); 
reading tasks (Dimigen et al., 2011; Gwizdka et al., 2017; Knoll et al., 2011); listening to music 
tasks (Asif et al., 2019); visual search task (Hild et al., 2014; Winslow et al., 2013); learning 
tasks (Dan & Reiner, 2017; Mazher et al., 2017; Notaro & Diamond, 2018); vehicle driving task 
(Cernea et al., 2012).  
 
Meanwhile, a large body of work in HCI and related disciplines has sought to apply several eye-
tracking measures to assess user’s cognitive load in different task settings: computerized 
emergency operation procedures (EOPs) (Gao et al., 2013); a recall task (Gardner et al., 1975; 
Granholm et al., 1996); reading comprehension and mathematical reasoning (Iqbal et al., 2004); 
a number of simple cognitive tasks, e.g. mental rotation, sentence verification, and quantitative 
comparison (Just & Carpenter, 1975); math tasks (Borys et al., 2017; Chen & Epps, 2013; 
Ehlers, 2020; Marshall, 2002); gear problem solving (Rudmann et al., 2003); driving tasks (Tsai 
et al., 2007); visual search tasks (J. H. Goldberg & Kotval, 1999; Hild et al., 2014; Perkhofer & 
Lehner, 2019; Pomplun & Sunkara, 2003; Zagermann et al., 2016, 2018); language learning 
(Notaro & Diamond, 2018); a game with levels of autonomy (Evans & Fendley, 2017); online 
shopping (Wang et al., 2014). 
 
However, most studies were not executed in a smartphone setting and they cannot provide direct 
evidence for the reliability of using EEG or eye movement data to measure cognitive workload 
in a smartphone setting due to the variabilities between desktop/laptop computer settings and 
smartphone settings. The screen sizes of desktop/laptop computers and smartphones are 
different: large versus small. Users' interactions with these devices are distinct: cursors versus 
gestures. The content compositions are not the same either: columns versus scrolling. Physically, 
users interact with their smartphones in different manners: (1) one-handed, (2) two-handed, and 
(3) cradled, (4) no-handed (e.g., listening to music); and in three body postures: walking, 
standing, and sitting/lying (Hoober, 2013). Also, users operate their smartphones in a diverse 
context.  
 
Based on a thorough review of the related literature, we have identified three gaps as followed: 
 

1. Despite the significance of cognitive workload, it tends to be overlooked in the 
Human-Computer Interaction (HCI) field(Coursaris & Kim, 2006; Harrison et al., 
2013; Zhang & Adipat, 2005). Moreover, limited studies that included cognitive 
workload as one usability attribute often measure summative cognitive workload 
using subjective measures(Albers, 2011; Duh et al., 2006). 
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2.  The majority of studies reviewed only examine the overall/average cognitive 
workload during tasks and fail to study the instantaneous or peak cognitive workload 
during tasks and its relationship with product interface design and usability. 
 
3. There is little direct evidence that EEG and eye-movement data form reliable measures 
for cognitive workload in a smartphone setting.  

 
To address these gaps, we employed an eye-tracking device (i.e., Tobii Pro Nano) and a low-cost 
electroencephalogram (EEG) device (i.e., MUSE 2) to detect real-time cognitive workload 
changes during N-back tasks on a smartphone. Moreover, we managed to use increased cognitive 
workload  detected during tasks to pinpoint user interface areas containing potential usability 
issues in mobile applications.  
  
Our hypotheses were simple—we predict that the relationship between cognitive workload 
fluctuations and EEG data collected by a wearable EEG headband,  MUSE 2 (Muse 2: Brain 
Sensing Headband - Technology Enhanced Meditation, 2021, p. 2),  and eye movement data 
gathered by a smaller and portable eye tracking device,  Tobii Pro Nano (Easy to Use, Small, 
Portal Eye Tracker - Tobii Pro Nano, 2018) can be reliably quantified. In addition, we predict 
that certain features in EEG data and eye movement data can be a significant predictor for 
interface design issues.  
 
An outline of this dissertation is as follows: First, we present a literature review on cognitive 
load measures and usability studies in Chapter 2. Based on the review,  research gaps were then 
identified and research questions for this study were raised in Chapter 3. We then described the 
research methods in Chapter 4, including experiment design and related instruments for data 
collection. Finally, results analysis and discussion (Chapter 5), conclusion (Chapter 6), future 
directions (Chapter 7) were presented along with references and appendices. 

Chapter 2 Literature Review 

2.1 Cognitive Workload 
Despite interest in the concept for the past 40 years, there is no clearly defined, universally 
accepted definition of cognitive workload (Cain, 2007). From various definitions of cognitive 
workload, Evans and Fendley (2017) extracted four essential commonalities: (1) cognitive 
workload is multidimensional, (2) the human subject is tasked in some way, (3) cognitive 
workload is environment-dependent, (4) cognitive workload in human is described as a quantity 
or measurable amount with an upper and a lower limit. Here we adopt a comprehensive 
definition, “the amount of mental resources required to perform a specific task or sequence of 
tasks in a given environment” (Embrey et al., 2006).  
 
 

2.1.1 Cognitive Load Theory (CLT) 
The cognitive load theory (CLT), developed by John Sweller in 1988, is an instructional design 
theory deciphering how the information is processed from working memory into long-term 
memory. CLT also proposes techniques to make this process more efficient. 
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CLT categorizes cognitive workload into three types: intrinsic, extraneous, and germane. The 
intrinsic cognitive workload is the inherent level of difficulty associated with a specific 
instruction topic. All instructions naturally contain a level of inherent difficulty (Chandler & 
Sweller, 1991). For instance, the simple math question “3+6” has a “+” that can cause some 
difficulty for first-grade students.  
 
The extraneous cognitive workload is generated by the format the instructional designer chooses 
to present the instruction (Sweller, 1988).  For example, the characteristics of a quadrilateral 
shape can be explained by presenting a quadrilateral image or by a verbal elaboration alone. The 
manner of presenting this information may lead to different levels of extraneous cognitive 
workload. When not carefully designed,  instructional procedures can impose excessive 
extraneous cognitive load (Paas et al., 2003). For instance, when the instruction about A refers to 
a new concept B, it would lumber the learners with the unnecessary workload in the cognitive 
process because the mental effort required to understand B could have been avoided with a better 
instructional design. Finding an alternate instructional design to reduce extraneous cognitive load 
is paramount,  especially when the instruction already has a high intrinsic cognitive load.  
 
The third type of cognitive workload, germane, refers to the processing, construction, and 
automation of schemas (Sweller, 1988).  A schema describes the mental process of organizing 
the information in short-term memory into chunks. Miller (1956) showed that human short-term 
memory typically holds seven plus or minus two units of information. Later, Chase and Simon 
(1973) firstly used the word  “chunk” to describe the process of organizing information in short-
term memory.  
 
The overall cognitive workload is the sum of these three types of workloads imposed by a task. 
The overall workload should not exceed the working memory allocated to the task. Otherwise, 
the chance of making mistakes would increase. While the intrinsic cognitive workload is 
generally considered immutable, designers should try to reduce extraneous cognitive load and 
promote germane cognitive load (Paas et al., 2003; Sweller et al., 1998). 
 
Theories and techniques for decreasing extraneous cognitive load in the instructional design 
include (a) the goal-free effect, (b) the worked example effect, (c) the problem completion effect, 
(d) the split-attention effect, (e) the redundancy effect, (f) the modality effects, (g) the expertise 
reversal effect (Chandler & Sweller, 1991; Paas et al., 2003). In terms of promoting germane 
cognitive workload, illustrating example variability and stimulating imagination are instructional 
techniques used to transform extraneous workloads to germane workloads (Paas et al., 2003). We 
describe the seven extraneous workload manipulation techniques in detail below.  
 

(a) The goal-free effect is that extraneous cognitive load reduces by using goal-free 
problems, which is a method that eliminates the possibility of using the means-
end strategy (Ayres, 1993; Chandler & Sweller, 1991; Owen & Sweller, 1985). 
For example, a common problem in high school geometry requires students to 
calculate a specific angle, such as the x angle (Figure 1). A goal-free problem 
does not make students calculate the specific angle but uses a more general 
expression, such as finding the size of all the angles (Sweller et al., 2011b).  
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Figure 1: The goal-free effect example. Adopted from https://completemaths.com/blog/item/cognitive-load-theory 

(b) Similar to the goal-free effect, the worked example effect refers to the expected 
workload reduction when the instruction contains some worked examples to 
eliminate the use of mean-ends analysis (Chandler & Sweller, 1991; Cooper & 
Sweller, 1987; Sweller & Cooper, 1985). “The worked example effect is the best 
known and most widely studied of the cognitive load effects ” (Sweller, 2006, p. 
165). "A worked example is a step-by-step demonstration of how to perform a 
task or how to solve a problem" (Clark et al., 2011, p. 190). 

 
(c) The problem completion effect is closely related to the worked example effect. 

Instead of providing a step-by-step demonstration, a completion problem replaces 
some key steps with blanks to prevent learners from just scanning through worked 
examples. See Figure 2 for an example of a completion problem. Compared with a 
full worked example, the completion problem has fewer steps, leading to a 
reduction in cognitive resource consumption, but it also encourages learners to 
think in sufficient depth (Sweller et al., 2011e). 

 

 
Figure 2:  The problem completion effect example (Sweller et al., 2011e). 

 
(d) Split-attention occurs when poorly designed instructional materials split 

participants’ attention between at least two sources of information separated either 
physically or temporally (Cooper & Sweller, 1987; Sweller et al., 2011d). The 
split information inflates element interactivity. Subsequently, it adds more load on 
extraneous cognitive load. To prevent the split-attention effect, instructional 
designers need to integrate information spatially or synchronize information 
temporally. As illustrated in Figure 3a, the annotations for the angle GFB and 
EFB have distanced from the angle themselves, which splits attention into two 
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locations. The attention is integrated into Figure 3b by moving the annotations 
right next to the angles.  
 

 
 

 
Figure 3: (a) Split-attention format of a geometry worked example. (b) Integrated configuration of a geometry 
worked example (Adopted from Sweller et al., 2011b). 

(e) Chandler and Sweller (1991) found if redundant information is present, the 
extraneous load increases rather than decreases because processing the extra 
information occupies cognitive resources. This effect is known as the redundancy 
effect. Jin (2012) suggested that there are two ways to present redundant 
information. In the first way, the identical information is presented in two or more 
forms. For example, words are expressed in both written and audio forms. In a 
second way, additional information is provided as an elaboration of the other 
piece of information, for example, a full text and a summary of the full text.  In 
either case, eliminating the redundant information may result in enhanced 
learning. 

 
(f) The modality effect refers to the effect that a mixed-mode (partial visual and 

partial auditory) information representation is more effective than a single-mode 
(visual or auditory-only) representation (Low, 2012). Note that the visual 
information and auditory information should not just be a re-description of each 
other. Otherwise, the redundancy will cause a redundant effect (Sweller et al., 
2011c). 

 
(g) The expertise reversal effect refers to the effect that instructional techniques that 

are highly effective with novices can lose their effectiveness, or even have 
negative consequences, when used with experts (Kalyuga et al., 2009). While 



 

 

 
 

17 

some information is necessary to inexperienced learners, it can be extra 
information to experts and cause the redundant information effect (Sweller et al., 
2011a). 

 
Overall, cognitive load theory is a primary theory and a useful framework for researchers in 
cognitive process and instruction design (Paas et al., 2003). This study assessed a mobile 
application that manifests all the conditions described above (i.e., a-g) to observe how these 
effects influence users’ cognitive workload, and how these effects shape product’s usability.   
 

2.1.2 Long-Term Memory (LTM), Short-Term Memory (STM), Working Memory
（WM), and Cognitive Workload 
 
Cognitive load is a topic that is highly related to working memory; it refers to the limited 
capacity of our working memory system and how different types of tasks vary in the amount of 
attention required to be successfully carried out (Matheson & Hutchinson, 2014). Hence, we 
present a brief introduction to long-term memory, short-term memory, and working memory. 
 
Memory can be categorized in these three types: long-term memory, short-term memory, and 
working memory. Long-term memory (LTM), is a vast store of knowledge and a record of prior 
events, and it exists according to all theoretical views (Cowan, 2008). Short-term memory (STM) 
reflects faculties of the human mind that can hold a limited amount of information in a very 
accessible state temporarily (Atkinson & Shiffrin, 1968). Long- and short-term memory could 
differ in two fundamental ways, with only short-term memory demonstrating (1) temporal decay 
and (2) chunk capacity limits (Cowan, 2008). 
 
Working Memory (WM) is a limited capacity system that allows for the simultaneous storage 
and management of temporary information processes, and the process of making information 
useful for further processing, maintaining and managing temporarily in the course of task-
domain activities (A. Baddeley, 2000, 2010; A. Baddeley et al., 1998; A. D. Baddeley & Hitch, 
1974). 
 
The initial three-component model of working memory proposed by Baddeley and Hitch (1974). 
The three-component model assumes an attentional controller (the central executive) aided by 
two subsidiary systems, the phonological loop (capable of holding speech-based information), 
and the visuospatial sketchpad (performing a similar function for visual information). The two 
subsidiary systems themselves form active stores that are capable of combining information from 
sensory input, and from the central executive. Hence a memory trace in the phonological store 
might stem either from a direct auditory input, or from the subvocal articulation of a visually 
presented item such as a letter. A further development of the WM model (Figure 4) was 
proposed by Baddeley (A. Baddeley, 2000, 2010). The episodic buffer is also a temporary 
storage system with limited capacity that uses multidimensional encoding to integrate multiple 
information from central executive, visuospatial sketchpad and LTM into a complete and unified 
situational representation consistent with the current conscious experience. Also, it became clear 
that the phonological loop plays an important role in long-term phonological learning, in addition 
to short-term storage. As such it is associated with the development of vocabulary in children, 
and with the speed of acquisition of foreign language vocabulary in adults. The shaded areas 
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represent ‘crystallized’ cognitive systems capable of accumulating long-term knowledge (e.g. 
language and semantic knowledge). Unshaded systems are assumed to be ‘fluid’ capacities, such 
as attention and temporary storage, and are themselves unchanged by learning, other than 
indirectly via the crystallized systems. 
 

  
 
Figure 4: The multicomponent model of WM, adopted from Baddeley, 2000. 

2.2 Cognitive Workload Measurements in HCI 
 
Wickens (1992, p. 390) asserts, “... performance is not all that matters in the design of a good 
system. It is just as important to consider what demands a task imposed on the operator’s limited 
resources. ” Therefore, it is necessary to quantify the cognitive workload of performing tasks, so 
that we can predict operator and system performance and avoid errors.   
 
The cognitive workload measures can be roughly grouped into three broad categories:  subjective 
self-assessment rating scales, performance measures, and psychophysiological measures (Cain, 
2007; Evans & Fendley, 2017; Wilson & Eggemeier, 1991). 
 
Subjective self-assessment rating scales are a set of questions for obtaining a subjective rating of 
attributes that are difficult to measure directly, e.g. satisfaction, emotions, attitudes, cognitive 
workload, etc. Two well-known rating scales are the NASA Task Load Index (NASA-TLX) 
(Hart & Staveland, 1988) and the Subjective Workload Assessment Technique (SWAT) (Reid & 
Nygren, 1988) , and they focus principally on the subjective response of the user about the 
demands of the task(s) (Annett, 2002).  
 
The performance measures take users’ performance metrics as indicators of cognitive workload, 
including reaction time, time estimation variance, accuracy and response time, signal detection 
rates, number of concurrent tasks in an interval, etc.  
 
Psychophysiological measures involve recording and quantifying various physiological 
responses in controlled conditions using electromechanical equipment (e.g., electromyography, 
electroencephalography, electrodermal activity, respiratory activity, electrocardiography) 
(Richard & Haynes, 2002). These measures can provide information about processes including 
emotion, cognition, and the interactions among them. In these ways, physiological measures 
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offer a very flexible set of tools for researchers to answer questions about behavior, cognition, 
and health (Infantolino & Miller, 2021).  
 
Xie and Salvendy (2000) suggested a set of cognitive workload indicators based on  
psychophysiological measures. These include instantaneous workload, average workload, peak 
workload,  accumulated workload, and overall workload (Figure 5). The instantaneous workload 
measures the momentary cognitive workload. The average workload is the average value of 
instantaneous loads within a task duration. The peak workload is the maximal value of 
instantaneous workload during a task. The accumulated workload is the sum-up of the 
instantaneous load within an experiment duration. The overall workload is the individual's entire 
mental workload based on the whole task completion experience. The overall workload equals 
the average workload if there is only one task in the whole experience duration. The 
instantaneous workload is crucial and decisive in describing the trend and workload pattern 
because peak workload, average workload, accumulated workload, and overall workload are all 
derived from it (Xie & Salvendy, 2000). 
 

 
 

Figure 5: Levels of cognitive workload over time adopted from Antoneko et al. 2010. 

 
Some studies have explored the potential of some psychophysiological measures, e.g., 
Electroencephalography (EEG), eye movement, blood pressure, etc. to quantify instantaneous 
workload values (Sharit et al., 1982; Sharit & Salvendy, 1982). For example, one study used 
EEG data to investigate the effects of leads (hypertext node previews) on the cognitive workload 
at the point of clicking new hypertext links (P. D. Antonenko & Niederhauser, 2010). A 20-
second interval (i.e., 10s before clicking the links to 10s after clicking the links) was established 
as the duration for recording the participants’ accumulated instantaneous cognitive load. The 20s 
interval shows the EEG can measure cognitive workload in a short period of time. Another study 
investigated the relationship between cognitive workload and saccade rate in a mental arithmetic 
task (Gao et al., 2013).They found that the saccade rate increased immediately following a 
calculation task and maintained for a period  at a level about twice the rate  during the calculation 
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task. The instantaneous fluctuation shows that saccade can be an important indicator of 
instantaneous cognitive workload.  

2.2.1 Measure Cognitive Workload Using NASA Task Load Index (TLX)  
Before noninvasive psychophysiological methods were widely used (Colligan et al., 2015) , 
subjective rating scales can be traced back to the Cooper - Harper Rating Scale (Cooper & 
Harper, 1969).   
 
One of the most widely used subjective rating scales for cognitive workload is the NASA Task 
Load Index (TLX) (de Winter, 2014).  Hart and Staveland (1988) proposed NASA TLX as a 
cognitive workload measurement technique. It is a multidimensional assessment tool that rates 
perceived cognitive workload to assess a task, system, or team’s effectiveness or other aspects of 
performance. Hart and Staveland presented supporting empirical evidence as validation, and 
state “... subjective ratings may come closest to tapping the essence of mental workload and 
provide the most generally valid and sensitive indicator ” (Hart & Staveland, 1988, p. 141). 
 

 

 

Figure 6: NASA-TLX assessment (Hart & Staveland, 1988). 
 
The total workload is divided into six subjective attributes to measure cognitive workload from 
multiple dimensions: mental demand, physical demand, temporal demand, overall performance, 
effort, and frustration. Each of the dimensions is rated on a continuous scale from zero to twenty 
(Figure 6). 
 
NASA TLX  is currently the de facto standard for investigating the extent  to which a system or a 
task strains users mentally, physically, and emotionally (Zagermann et al., 2016). It is widely 
adopted in the HCI field (de Winter, 2014; Rodriguez et al., 2018). Some studies measure the 



 

 

 
 

21 

cognitive load with a NASA-TLX questionnaire to determine each task’s cognitive load levels 
(Mathur et al., 2016; Zagermann et al., 2018). 
 
While being widely used, NASA TLX is not free of concerns. Two concerns were raised by Cain 
(2007) and again were identified as persistent questions regarding NASA TLX by de Winter 
(2014). One is the process of scoring “Performance” and the other is the scaling procedure based 
on the paired comparisons. The first concern is that results from the “Own Performance” are 
scored from Good to Poor while the other 5 attributes are scored from Low to High (Figure 6). 
The inconsistency among anchors makes “Own Performance” susceptible to misinterpretation 
(de Winter, 2014). Accidental scale reversal, of course,  has important implications for the 
obtained results. Experts advocate periodically reversing the direction of “ Performance” to 
reduce subjects’ proneness to rate without considering the meaning of the question,  but the 
effects of these reversed anchors have not been assessed (Cain, 2007). Castor et al. (2003, p. 36) 
pointed out that “performance” is quite separate from the other five dimensions. It seems to 
cluster on a single factor and could be removed from the NAST TLX.  
 
The second concern is how NASA TLX aggregates ratings by summing weighted ratings from 
each scale (Cain, 2007). Investigators can use a weighting procedure with pairs of cards prior to 
calculating the total TLX scores, or they can use the unweighted scores (also called the NASA 
Raw Task Load Index, or NASA RTLX) (de Winter, 2014).  Various researchers have pointed 
out that the weighted and unweighted sum scores are highly correlated (Byers et al., 1989; 
Moroney et al., 1992; Nygren, 1991), implying that it is superfluous to invest two minutes in the 
card sorting required for weighting. Others argue that the weights provide valuable diagnostic 
information (Dickinson et al., 1993; Liu & Wickens, 1994). 
 
Beyond these relatively minor concerns, we observe that NASA TLX  highly relies on 
participants’ subjective reports after completing tasks. Therefore, the information derived from 
NASA TLX scores cannot provide real-time and continuous monitoring of cognitive load 
changes, which has the potential to pinpoint the pain point of user experience more accurately. 
This deficiency can be addressed by employing psychophysiological data such as EEG and eye 
movements. 
 

2.2.2 Measure Cognitive Workload Using Electroencephalogram (EEG) 
 
Electroencephalogram (EEG) is an electrophysiological method of monitoring and recording the 
brain's electrical activity. As early as 1875, Richard Caton recorded animals’ electrical activity 
and neurophysiologic activities for the first time. Then half a century later, the advent of 
recording human neurophysiologic activities occurred. Later in 1924, Hans Berger, a German 
psychiatrist, pioneered the EEG in humans. Since then, EEG has been adopted in many research 
fields, e.g., neuroscience, cognitive science, cognitive psychology, neurolinguistics, and 
psychophysiological research. In HCI, EEG has been used in two intertwined branches: affective 
computing (Fairclough, 2009) and physiological computing (Fairclough et al., 2009), where 
cognitive and emotional states are classified or predicted based on users physiology and how 
systems adapt to the users’ states changes (Spapé et al., 2015). For example, EEG has been used 
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to assess users’ engagement (Mathur et al., 2016) and measure cognitive load (Kumar & Kumar, 
2016, 2019).   
 
Most of the time, an EEG device is noninvasive with the electrodes placed along the test 
subject’s scalp. These electrodes capture voltage fluctuations resulting from the ionic current 
within the brain’s neurons. The EEG signal captured by these electrodes is composed of 
oscillations in various frequencies, including Alpha, Beta, Theta, Delta, Gamma, and Mu (P. 
Antonenko et al., 2010). See Table 1 for a comparison of EEG bands.   
 
Table 1: Comparison of EEG bands. 

Band Frequency 
(Hz) 

Location Normally Seen 

Delta < 4 Frontally in adults, 
posteriorly in 
children; high-
amplitude waves 

● Adult in deep sleep  
● In babies 
● Has been found during some continuous-

attention tasks  (Kirmizi-Alsan et al., 
2006)  

Theta ≥ 4 and < 8 Found in locations 
not related to the 
task at hand 

● Higher in young children 
● Drowsiness in adults and teens 
● Idling 
● Associated with inhibition of elicited 

responses (Kirmizi-Alsan et al., 2006) 

Alpha ≥ 8 and < 14 Posterior regions of 
the head, both sides, 
higher in amplitude 
on the dominant 
side. Central sites 
(c3-c4) at rest 

● Relaxed/reflecting 
● Closing the eyes 
● Also associated with inhibition control, 

seemingly with the purpose of timing 
inhibitory activity in different locations 
across the brain 

Beta ≥ 14 and < 31 Both sides, 
symmetrical 
distribution, most 
evident frontally; 
low-amplitude waves 

● Range span: active calm ---> intense ---> 
stressed ---> mild obsessive  

● Active thinking, focus, high alert, anxious 
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Gamma ≥ 31 Somatosensory 
cortex 

● Displays during cross-modal sensory 
processing (Kanayama et al., 2007; 
Kisley & Cornwell, 2006)   

● Also is shown during short-term memory 
matching of recognized objects, sounds, 
or tactile sensations 

(Adopted from https://en.wikipedia.org/wiki/Electroencephalography#Research_use) 
 
EEG has a number of advantages as a tool for exploring brain function compared with other 
methods, including functional magnetic resonance imaging (fMRI), positron emission 
tomography (PET), magnetoencephalography (MEG), nuclear magnetic resonance spectroscopy 
(NMR or MRS), etc.  
 
First, EEG has a very high temporal resolution, on the order of milliseconds rather than seconds. 
It can detect changes over milliseconds. This is especially useful to assess real-time cognitive 
workload considering an action potential takes 0.5–130 milliseconds to propagate across a single 
neuron, depending on the type of neuron (Anderson, 2005). Second, EEG hardware costs are 
significantly lower than those of most other techniques, and more portable for various 
experiment environments (Vespa et al., 1999). Third, EEG has a relatively good tolerance for 
subject movement, unlike most other neuroimaging techniques.  Methods exist for minimizing, 
and even eliminating, movement artifacts in EEG data (O’Regan et al., 2010).  
 
In the past there were two significant concerns towards psychophysiological measures along with 
the technology that makes it possible to measure brain activity; both have been addressed to a 
large extent. One was the impression that EEG devices were  “cumbersome”, “invasive”, and 
therefore unsuitable for many settings. Since 2004 when Open EEG released its Modular EEG as 
open-source hardware, EEG equipment has been made much more portable and wearable (Cain, 
2007).  Many noninvasive EEG devices are available now with a price starting at $99. Such 
devices offer different numbers of channels , for example, MUSE has 4 channels, Emotiv 
devices have 5 or 14 channels, Cognionics, 20-30 channels, BioSemi, 32  - 256 channels, etc. 
(Farnsworth, 2019). Knoll et al. (2011) demonstrate the effectiveness of cognitive workload 
evaluation even with low-cost EEG equipment, Emotiv EPOC neuroheadset (priced at $849). 
Nijboer et al. (2015) asset three EEG headsets (Biosemi, Emotiv EPOC headset) based on brain-
computer interfaces (BCIs) as its classification accuracy and usability (effectiveness, efficiency 
and satisfaction) and aesthetic design. Biosemi is the most effective headset in this classical 
P300-based BCI paradigm, and Emotiv EPOC is the favorite one for almost all participants for 
its ease of use and aesthetics. 
 
The second concern regarding the correlation between EEG signals and the user’s cognitive 
workload has also been addressed over time.  Kramer (1990) raised the question of  “… the lack 
of a strong conceptual link from the physiological measures to performance …”. Later, Başar 
(1999) proposed a brain theory of neural oscillations that elaborated how EEG could be applied 
to detect brain wave rhythms and how these rhythms could be viewed as an “alphabet for brain 
functions”. Further, Klimesch et al. (Klimesch et al., 1993) found that alpha frequency reduces 
when attentional and task demands increase. Klimesch et al. (1993, 2005) discovered that as task 
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difficulty increases, alpha activity decreases (desynchronizes), whereas theta activity increases 
(synchronizes). These findings were supported by other studies (Gevins et al., 1997; Gevins & 
Smith, 2003; Sterman et al., 1994). Over time, the methodology of using EEG data as measures 
of human cognitive workload has been developed and successfully applied in many studies (P. 
Antonenko et al., 2010; Makransky et al., 2019). 
 
In recent years, researchers have been evaluating the potential of the EEG as a measure of 
cognitive workload in different task conditions: arithmetic tasks (Borys et al., 2017; Z. Y. Chin 
et al., 2018; Cirett Galán & Beal, 2012; Kumar & Kumar, 2016); cognitive tasks  (Trammell et 
al., 2017); reading tasks (Dimigen et al., 2011; Gwizdka et al., 2017; Knoll et al., 2011); listening 
to music tasks (Asif et al., 2019); visual search task (Hild et al., 2014; Winslow et al., 2013);  
learning tasks (Dan & Reiner, 2017; Mazher et al., 2017; Notaro & Diamond, 2018); vehicle 
driving task (Cernea et al., 2012). These studies confirm EEG provides reliable signals for 
studying cognitive load in their respective settings.  
 
EEG Analysis Techniques 
 
There are three most popular analysis techniques: (1) event-related (de-)synchronization 
(ERD/ERS) with alpha and theta bands, (2) theta/alpha ratio, and (3) multi-feature prediction 
with machine learning techniques (Cabañero et al., 2019). 
 
 (1) Event-related (de-)synchronization (ERD/ERS) with alpha and theta bands 
Since brain wave activities are dependent on age (Niedermeyer, 1999), brain volume (Nunez, 
1995), and individual difference (Klimesch, 1999), Antonenko et al. (2010) recommended the 
appropriate analysis of EEG data is to only analyze the changes in EEG signal induced by an 
individual event or stimulus rather than looking at the absolute power of a given frequency band. 
Absolute power  is defined as  a  measure  of  the  power  of  an  EEG  signal  with  units  of  
µV2/Hz ( amplitude -µV and frequency - Hz) and is calculated  from  Welch's method (Tóth et 
al., 2012).  
 
Event-related (de)synchronization is a recognized rate-of-change metric for oscillatory EEG 
dynamics, which was originally developed to quantify changes in the Alpha band (Pfurtscheller 
& Aranibar, 1977). Synchronization is a process where neurons are getting in line (synchronized) 
to enter an idling state. Desynchronization is a process where individual neurons get ready to 
perform their parts in a task. The steps of performing a task are: neurons desynchronize (wake 
up), perform tasks, neurons synchronize (rest). 

 
To obtain percentage values for ERD/ERS, the power within the frequency band of interest in the 
period after the event is given by A whereas that of the preceding baseline or reference period is 
given by R. The percentage decrease (or increase) from the reference interval (R) to the 
activation interval (A) (before responding) was defined as  
 
                                     ERD/ERS% = [(R – A)/R] * 100%  Equation 1   
 
(Pfurtscheller, 2001; Pfurtscheller & Aranibar, 1977; Pfurtscheller & Lopes da Silva, 1999). 
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Negative values computed by Equation 1 indicate power increase and desynchronization (ERD), 
and positive values mean power decrease and synchronization (ERS). 
 
Pfurtscheller and Lopes da Silva (1999) recommended that the term ERD is meaningful only if 
the baseline measured some seconds before the event represents a rhythmicity seen as a clear 
peak in the power spectrum. Similarly, the term ERS only has a meaning if the event results in 
the appearance of a rhythmic component and therefore in a spectral peak that was initially not 
detectable (Pfurtscheller & Lopes da Silva, 1999). 
 
The quantification of ERD/ERS was divided into four steps, first, the bandpass filtering was 
carried out for all event-related trials; second, the amplitude samples were squared to obtain the 
power samples; third, the power samples of all trials were averaged; fourth, the time samples 
were averaged to make the data smooth and reduce (Pfurtscheller & Lopes da Silva, 1999). 
 
The review articles (P. D. Antonenko & Niederhauser, 2010; Klimesch, 1999) concluded that 
with increasing task demands theta synchronizes (decreases), whereas alpha desynchronizes 
(increases). The conclusion is in line with the findings about Alpha and Theta from these studies  
(Klimesch et al., 2005; Neubauer et al., 2006; Stipacek et al., 2003). The ERD/ERS indexes for 
Alpha and Theta have turned out to sensitively respond to different levels of task difficulty in a 
wide variety of tasks, including motor (Pfurtscheller & Berghold, 1989); cognitive tasks 
(Neubauer & Fink, 2003; Stipacek et al., 2003);  individual differences in cognition (Neubauer et 
al., 2006); evaluation of web search results (Scharinger et al., 2016);  evaluation of complexity 
and difficulty of the environment for the visually impaired people in varied degrees (Saitis et al., 
2018). 
 
Neubauer and Fink’s study (2003) adopted a Triplet test in which 58 participants were presented 
with three-digit numbers (e.g., 123) and determined whether they matched a specific rule (e.g., 
“Is the last digit the smallest?”). The results showed that larger Alpha ERD is related to higher 
task difficulty and that statistically significant differences were observed between the easiest and 
the more complex task conditions (Triplet test 1 vs. 2,3,4 and 5, respectively). Stipacek et al. 
(2003)presented their investigation of the sensitivity of Alpha ERD to levels of short-term and 
working memory loads. 62 participants solved a dual-task involving a short-term memory and a 
working memory task , each with five levels of memory load. They found a linearly increasing 
desynchronization in the upper alpha band with ascending cognitive load. 
 
Some studies (P. D. Antonenko & Niederhauser, 2010; Xiang et al., 2021) also discovered Beta 
also desynchronizes (increase) with cognitive workload demanding increment.  Beta activity is 
associated with psychological and physical stress, whereas theta and alpha 1 (i.e., lower alpha) 
frequencies reflect response inhibition and attentional demands such as phasic alertness (Ray & 
Cole, 1985). 
 
Antonenko and Niederhauser (2010) reported the effect of leads (hypertext node previews) on 
cognitive load and learning. 22 teacher education students were invited to participate in the study 
in that they read a lead-augmented text and traditional hypertexts without leads. ERD/ERS 
values were acquired for Alpha, Beta, and Theta rhythms under two experimental conditions 
(leads or no leads). Since the purpose of this research was to determine the effect of leads on 
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reducing split attention when entering a new hypertext node, they segmented 10 seconds before 
the leads and 10 seconds after the leads as the intervals to represent accumulated instantaneous 
cognitive workload in the lead condition. The result shows that the mean Alpha, Beta, and the 
absolute value of Theta ERD% in the no-lead condition was higher than in the lead condition. 
These findings reveal a lower cognitive load in the lead condition (p < 0.01). 
   
Xiang et al. (2021)investigated high-altitude immigrants’ cortical activity while participants 
judged whether the letters were normal or mirrored via the event-related desynchronization 
(ERD). The letters were presented in  six rotation angles: 0, 60, 120, 180, 240, and 300. EEG 
was recorded by five electrodes : FZ, FCZ, CZ, CPZ, and PZ. The alpha ERD and the beta ERD 
at multiple time windows were analyzed, respectively, using a 2 * 2 *6 * 5 mixed design 
repeated-measure ANOVA, with the groups as a between participants factor (high - altitude and 
low-altitude), taking stimulus types (normal and mirrored), angles (0, 60, 120, 180, 240, and 
300), and electrodes (FZ, FCZ, CZ, CPZ, and PZ) as within-participant factors. The results 
showed that the main effect of angles was significant , the Alpha power at 60◦ and at 300◦ were 
significantly higher than that at 180◦, respectively. And the Beta power at 0, 60, 240, and 300◦ 
was significantly higher than that at 180◦, respectively. Meanwhile, the Beta power (−1.866 
±0.055 dB) of normal letters was significantly higher than that of mirrored letters (−2.01 ± 0.052 
dB). 
 
Overall, Alpha and Beta ERD and Theta ERS are reliable and effective measures for the 
cognitive workload differences in varied tasks.  
 
(2) Theta/alpha Ratio (TAR) 
 
Theta/alpha ratio (TAR) has also been used as an index of cognitive load (Dan & Reiner, 2017; 
Holm et al., 2009; Trammell et al., 2017). Holm et al. (2009) presented a two-channel EEG-
based index, frontal theta /parietal alpha ratio, to measure external and internal cognitive 
workload. 

𝐶𝐿𝐼!		 =	
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         Equation 2 
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  Equation 3 

First, for each participant, the average cognitive workload index (CLI) for task n can be 
calculated by Equation 2. Then relative CLI can be calculated by Equation 3, where the 𝐶𝐿𝐼.		is 
the CLI while the participant is relaxing (not performing a task).  Dan and Reiner (2017) applied 
the frontal theta /parietal alpha ratio as a measure in their study and found statistical 
differences in a 2D  and a 3D virtual reality presentation of an instructor demonstrating origami 
paper folding of a crane. Trammell et al. (2017) collected EEG data from 16 young and 20 old 
adults during rest with eyes open/closed and cognitive tasks, and found out that the correlation 
between cognitive ability and TAR is age-dependent.  
 
(3) Classification Techniques 
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Another novel and powerful approach to analyzing EEG data employed classification techniques 
in machine learning.  In the literature, the time domain, frequency domain, and wavelet-based 
feature extraction techniques for classification of EEG signals have been reported (Acharya et 
al., 2012; Amin et al., 2015; Z. Y. Chin et al., 2018; Gandhi et al., 2011; Taghizadeh-Sarabi et 
al., 2015).  
 
Grimes et al. (2008) used a classification method to predict participant memory loads with 
accuracies up to 99% for two memory load levels and up to 88% for four levels. Jiao et al. 
(2018) present a novel convolutional neural networks (CNNs) method to predict the cognitive 
workload of participants using EEG data. Mazher et al. (2017) used three classifiers (Naïve 
Bayes, RBF SVM, and Linear kernel SVM) to distinguish different learning states using data of 
four frequency bands (alpha, beta, theta, and delta). They discovered that alpha waves were the 
brain waves band for differentiating learning states. Another study (Rashid et al., 2019) applied 
Linear Discriminant Analysis (LDA), Support Vector Machine (SVM), and K-Nearest Neighbors 
(K-NN) to classify the selected features. Among all these features, the best accuracy has been 
achieved by the power spectral density. The accuracies obtained using  this feature in different 
classifiers were 95%, 100%, 100% for LDA, SVM, and K-NN respectively.  
 
Overall, various approaches to assessing cognitive load using EEG data are available. The 
optimal approach for a particular study is to be decided on a case-by-case basis.  
  

2.2.3 Measuring Cognitive Workload Using Eye Movement Data 
 
The history of eye movement study can be traced back to the 1800s, yet was observed directly 
( reported in Huey, 1908).  In the 1970s, eye movement research and eye-tracking boomed with 
the development of eye-tracking technology and psychological theory that links eye-tracking 
data to cognitive processes (Jacob & Karn, 2003). The 1980s also saw the onset of using eye-
tracking data to answer questions related to human-computer interaction. For example, eye-
tracking data was applied to investigate how users search for commands in computer menus 
(Jacob & Karn, 2003). So far, eye-tracking data has been collected and analyzed to guide and 
advise various aspects of product design: navigation, page layout, user interface visualization 
style and design elements, advertisement, user viewing behaviors, and user cognitive workload 
(J. H. Goldberg & Wichansky, 2003; Nielsen & Pernice, 2010). 
 
Roughly 80% of information humans obtain is through visual sensory input (Pulat, 1997). Thus, 
it is critical to understand eye movement and its related brain activities. A large body of work has 
sought to bridge  eye-tracking measures with human cognitive load  in HCI and related 
disciplines such as human factors and cognitive ergonomics. Such studies were often conducted 
under some task settings. Examples include computerized emergency operation procedures 
(EOPs)(Gao et al., 2013); a recall task (Gardner et al., 1975);  a digital scan recall task 
(Granholm et al., 1996); reading comprehension and mathematical reasoning (Iqbal et al., 2004); 
a number of simple cognitive tasks, e.g. mental rotation, sentence verification, and quantitative 
comparison (Just & Carpenter, 1975);  math tasks (Borys et al., 2017; Chen & Epps, 2013; 
Ehlers, 2020; Marshall, 2002); gear problem solving (Rudmann et al., 2003); driving tasks (Tsai 
et al., 2007); visual search tasks (Hild et al., 2014; Perkhofer & Lehner, 2019; Pomplun & 
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Sunkara, 2003; Rantanen & Goldberg, 1999; Zagermann et al., 2016, 2018); language learning 
(Notaro & Diamond, 2018);  a game with levels of autonomy (Evans & Fendley, 2017); and 
online shopping (Wang et al., 2014). 
 
Multiple kinds of eye movement data related to the cognitive load can be reliably collected using 
a high quality eye tracking device.  
 
Blinks 
 
A blink is a fast, often autonomic, and most involuntary motion to close and open eyelids.  For 
functional purposes, eye blinks occur only two to four times per minute (Irwin & Thomas, 2010). 
There are other non-functional blink types: reflexive blink (a protective response, e.g., to a puff 
of air), voluntary blink (a purposeful response depends on one’s will), and endogenous blink 
(unconsciously occurs) (Chen & Epps, 2013). The rate and latency of blinks can help provide a 
deeper understanding of the participant’s state of attention. For example, high blink latency and a 
low blink rate have been found to indicate high mental effort (Chen et al., 2011). Similarly, 
Manuel et al. (2004) found an increase in the blinking rate, a decrease in the blinking velocity, 
and a decreasing degree of the eyelids’ openness are signs of increasing tiredness. The blinks in 
Zagermann et al. (2018) are in line with previous work that a lower blink rate is related to a 
higher cognitive load. Blinking usually occurs before and after high cognitive workload states 
(Siegle et al., 2008; Zagermann et al., 2018). 
  
Pupil Dilation 
 
Pupil dilation is an involuntary response in which pupil diameter changes to protect the retina or 
to respond to a shift in fixation between objects at different distances. Human pupil diameter 
ranges from 1.5mm to 8mm. Previous research has shown that users’ pupils dilate when the 
difficulty of the task increases and more cognitive effort has been allocated to solve the task 
(Chen et al., 2011; Ehlers, 2020; Granholm et al., 1996; Klingner et al., 2008; Pomplun & 
Sunkara, 2003; Porta et al., 2012; Rafiqi et al., 2015). This association has been validated across 
various tasks, including visual tasks, reading, and problem-solving, etc (Rudmann et al., 2003).  
More specifically, the pupil diameter is enlarged proportionally with increased mental load 
(Hossain & Yeasin, 2014; Lallé et al., 2016; Siegle et al., 2008). Porta et al. (2012) also found a 
reduction in pupil diameter size towards the end of the task in their experiment, interpreting it as 
a potential sign for tiredness. Zagermann et al. (2018) revealed that pupils are sensitive to 
changes in cognitive demand and can be a discriminatory parameter of cognitively active phases 
(ON) and cognitively passive phases (OFF). Pupil diameter is confirmed to constitute a valid 
indicator of cognitive load (Ehlers, 2020). However, accounting for individual and 
environmental differences, it is necessary to measure pupil diameters while referencing an 
adaptive baseline (Lallé et al., 2016). 
 
Saccades 
 
According to Purves et al. (2001), there are four types of basic eye movements: saccades, smooth 
pursuit movements, vergence movements, and vestibulo-ocular movements. Saccades are rapid 
and ballistic movements of eyes that change the fixations abruptly. Smooth pursuit movements 
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refer to much slower tracking movements of eyes designed to keep a moving stimulus on the 
fovea. Vergence movements happen during obtaining or maintaining a single binocular vision 
and are both eyes’ simultaneous movements in opposite directions. And vestibular-ocular 
movements stabilize the gaze relative to the external world by numbering movement of the head. 
 
Saccades only happen when the eyes move from one fixation point to the next. A fixation pause 
typically lasts for approximately ¼ to 1 second, and the saccade movement lasts for about 1/50 to 
1/10 second on average.  
 
Visual processing of information generally takes place only during fixations. Manuel et al. 
(2004) have observed that a decline in saccade velocity indicates fatigue, whereas growth in 
saccade velocity indicates a greater task difficulty. Chen et al. (2011)adopted saccade velocity 
and saccade length as measures of human mental effort. And the results showed that these two 
measures were highly indicative of the levels of mental efforts consumed. Higher velocity and 
increased length of saccades are related to higher performance. Similarly,  a higher number of 
saccades is proven to be associated with higher visual complexity (Lallé et al., 2016). Zagermann 
et al. (2018) showed that a higher number of saccades is related to an increment in cognitive load 
level. They also found that the number of saccades was useful to detect significant cognitive 
demand changes, especially in easier tasks. 
 
Fixation 
 
Eye fixation refers to a focused state when eyes dwell voluntarily over a period of time and is the 
most common type of eye-tracking event (Zagermann et al., 2016). Usually, a fixation lasts from 
approximately ¼ to 1 second and is defined by the saccades before and after the fixation. The 
number of fixations is the number of times a participant/user gazes at a particular area of interest 
(AOI) in a predefined time frame.  The duration of fixations indicates how long a participant/user 
looked at an AOI. Rudmann et al. (2003) found that the interface element which a user gazes 
directly at is relevant to their current cognitive activity. The correlation between the duration of 
fixation and the cognitive processing level is positive. A longer duration indicates an increased 
workload on cognition, and a shorter duration means a lower cognitive load. Chen et al. (2011) 
concluded that an increment in the number and duration of fixation could be interpreted as 
increasing demand for attention in a  complicated and challenging task.  Other studies (J. 
Goldberg & Helfman, 2010; Wang et al., 2014) reached similar conclusions. Zagermann et al. 
(2018) also concluded that an upswing number of fixations correlates with an increased cognitive 
load level, and the number of fixations can be viewed as an indicator of cognitive workload 
changes during a sufficiently demanding task.  
 

Perkhofer and Lehner (2019) created one comprehensive and robust measure of cognitive 
workload using a linear combination of saccade number, duration,  pupil diameter, diameter 
difference,  blink number, and blink duration. Two studies were completed with 118 and 60 
students respectively in a decision-making context. They had to answer questions with varying 
complexity levels based on visualization dashboards with levels of data density. The results 
showed that reliability is good for all measures.  Yet, Fixation duration was not significant and 
had a negative impact on cognitive load. Additionally, fixation number showed collinearity with 
saccade number, blink number, and saccade duration. Therefore, they excluded fixation from 
cognitive workload. Then they show the applicability of  cognitive workload as a high 
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explanatory power on decision-making outcome measured by task accuracy and task time. It can 
be shown that the higher the cognitive load, the lower of  decision-making outcome by task 
accuracy and task time 
 
 
The previous findings can be summarized in a model of eye-based indicators of the cognitive 
workload (Figure 7): pupil diameter changes (the higher the workload, the bigger the pupil 
dilation’s changes), blink duration (the higher the workload, the higher the blink duration), blink 
number/second (the higher the workload, the higher the blink rate), saccade duration (the higher 
the workload, the longer the saccades duration), saccade number/second (the higher the 
workload,  the higher the saccade number/second), fixation duration (the higher the load, the 
longer the fixations), and fixation number/second (the higher the workload, the higher the 
fixation number/second) .  
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Figure 7: A model of eye-based indicators of the cognitive workload with a combination of multiple eye 
movements. The green + sign refers to an increase. 

 

2.2.4 Measuring Cognitive Load Using Multiple Methods 
 
Several studies have shown the feasibility of using eye-tracking and EEG simultaneously to 
measure cognitive load for various tasks (Borys et al., 2017; Dimigen et al., 2011; Keskin et al., 
2019).  Borys et al. (2017)used eye movement and EEG to classify mental states in a cognitive 
load study using arithmetic tasks. Keskin et al. (2019) adopted eye-tracking and EEG to study 
expert and novice map users’ cognitive processes in two spatial memory experiments. And 
Dimigen et al. (2011) reviewed the coregistration of eye movements and EEG in natural reading, 
instead of word-by-word presentation. Similarly, Notaro and Diamond  (2018) captured 
concurrent multimodal data, including EEG, eye-tracking, and behavioral data (cursor 
movements and clicks) from participants while engaging in German language lessons on the 
web-based Duolingo interface. Meanwhile, some researchers employed eye-tracking and EEG to 
study other related cognitive phenomena, e.g., boredom (Kim et al., 2018), the affective 
component of cognitive load (Ikehara & Crosby, 2005).   
 
Other studies have included additional dimensions to evaluate cognitive workload beyond  EEG 
and eye movement. One study reports using physiological data (EEG), task performance data, 
and subjective data (the NASA TLX) to measure cognitive load caused by different display 
designs: analog design, digital design, and hybrid display design (Kumar & Kumar, 2019). 
Another study deployed eye behavior metrics, time of completed the run (task), and subjective 
survey to evaluate human-computer interactions under various system autonomy levels:  high, 
low, and intermediate (Evans & Fendley, 2017). 
 

2.2.5 N Back Task, Cognitive Workload, and  Human Brain Oscillatory Response 
 
The N-back task was introduced initially by Kirchner (1958) as a visuospatial task with 
sequences with one to four items (“0-back” to “3-back”), and expanded by Mackworth (1959) as 
a visual letter task with up to six items. N-back tasks are continuous-recognition measures that 
present stimulus sequences, such as letters or pictures.  A sequence of stimuli is presented to 
participants one-by-one. Participants are required to make a decision whether the current 
stimulus is the same as the one presented in N trials ago (Coulacoglou & Saklofske, 2017). The 
N can be 0, 1, 2, 3, etc. There is an increase in difficulty in tasks while N increases. During the 0-
back, the participants are asked to respond yes each time a predetermined target appears and 
usually no to other stimuli. Thus, this condition requires sustained attention but no working 
memory demand. During performing the n back task, subjects are required to register and store 
sequential information, and update stored information continuously. The increase of cognitive 
workload in the N-back task is typically witnessed on the performance level as prolonged 
reaction time and as an increased number of incorrect responses (Pesonen et al., 2007). 
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An N-back task is a useful tool for working memory experimental research (Jaeggi et al., 2010), 
and it has been adopted to manipulate cognitive workload (Ayaz et al., 2010; Reimer et al., 2009; 
Yokota & Naruse, 2015). And studies (Krause et al., 2000; Pesonen et al., 2007) have bridged 
the association between human brain oscillatory response systems with cognitive processing. 
 
Krause et al. (2000) designed an experimental paradigm with the following factors: 
time (1500 ms), stimulus (non-target, target), memory load (zero, one, two) , electrode location 
(anterior electrodes: F8, F7, FZ, F4, F3; central electrodes: C4, CZ, C3, T6, T4, T3, T5; posterior 
electrodes: O2, OZ, O1, P4, PZ, P3), and 4 EEG frequency bands (4-6 Hz frequency, 6-8 Hz 
frequency, 8-10 Hz frequency, and 10-12 Hz frequency).  
 
For 4-6 Hz frequency, an ERS peaking at 100-600ms was elicited by stimulus onset at all 
electrode locations, and this ERS elicited by stimulus decreased in magnitude systematically as 
cognitive workload increased. For  6-8 Hz frequency, ERS was elicited at the posterior and 
central electrode locations ~100-300 ms after stimulus presentation. In the anterior electrodes, 
ERS was elicited ~100 ms after stimulus presentation. At these anterior electrodes sites, the 
strongest and most long-lasting ERS was elicited during the 2-back condition, and the almost 
identical, a smaller magnitude ERS was elicited in the 0-back and 2 back condition. For 8-10 Hz 
frequency, stimulus elicited a long-lasting ERD (200-1500ms) after stimulus onset. The greatest 
ERD was elicited in the 2-back experimental condition.  For 10 -12 Hz frequency, in this 
frequency band the posterior and central electrodes showed an ERD effect (~0-1500 ms) after the 
stimulus presentation. This ERD was, however, shorter-lasting (~200-800 ms) after stimulus 
presentation) and of lesser magnitude  in the anterior electrodes. In general, in the 1-back and 2-
back experimental conditions the presentation of targets elicited greater ERD than the 
presentation of non targets. In the 2-back condition, ERD responses showed the greatest 
magnitude and the longest duration. 
 
Pesonen et al.( 2007) partially replicated the study by Krause et al. (2000) with extending the 
cognitive workload conditions to four levels (0,1,2,3), different frequency ranges, and five 
electrode locations (frontal Fp1 Fp2 F3 Fz F4, left temporal F7 T3 C3 T5, right temporal F8 T4 
C4 T6, parietal Cz P3 Pz P4, occipital O1 O2) as a function of time (0–1800 ms). For Theta (4–6 
Hz),  the presentation of all visual stimuli elicited long-lasting (0–1800 ms) theta ERS responses. 
The magnitude of these responses was statistically significantly of greater magnitude for the 
target stimuli than for the non-target stimuli, especially in the parietal recording sites.  
 
For Alpha (8–12 Hz) ERD responses,  statistically significant Alpha frequency range ERD 
responses were observed in all memory load conditions for both targets and non-targets 
beginning at ~100 ms after visual stimulus onset. The duration of these Alpha ERD responses 
increased with increasing cognitive workload, being ~100–500 ms in the 0-back and ~100–1600 
ms in the 3-back condition. The magnitude of these Alpha ERD responses in the 2- and 3-back 
conditions was statistically significantly of greater magnitude for the targets as compared to the 
non-targets. 
 
Beta (14–30 Hz)  ERD responses: In all memory load conditions, early appearing Beta rhythm 
ERD responses were elicited with an onset at ~100 ms. With increasing cognitive workload, 
these Beta rhythm ERD responses became longer in duration. Significant differences between 
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the magnitude of these beta ERD responses between the targets and non-targets arose in the 2- 
and 3-back memory load conditions. 
 
Beta (14–23 Hz) ERS responses: Only in the 0- and 1-back memory load conditions, Beta (14–
23 Hz) frontal ERS responses were observed approximately at ~500–1800 ms after visual 
stimulus onset. These ERS responses were of greater magnitude for the target stimuli as 
compared to non-targets, whose effect was witnessed especially in the frontal electrodes. 

2.3 Usability, Usability Testing, Well-known Attributes and Measures in Usability Testing, 
and Cognitive Workload in Usability 

2.3.1 Usability 
 
The definition of usability was probably first attempted by Miller (1971) in terms of measures 
for “ease of use,” and these were developed further by Bennett (1979) to describe usability.  
Shackel (1984) first thoroughly discussed the usability concept and drafted a detailed formal 
definition, then Bennett (1984) modified and developed the definition. Nielsen (1994) defines 
usability as “the question of how well users use that functionality” and “how well” can be 
systematically approached, improved, and evaluated (possibly measured) by five attributes: 
learnability, efficiency, memorability, errors, and satisfaction. 
 
According to the latest ISO 9241-11(2018), usability, as one outcome of the interaction, is "the 
extent to which a system, product, service can be used by specified users to achieve specified 
goals with effectiveness, efficiency, and satisfaction in a specified context of use." This 
definition describes a concept that is more comprehensive than “ease-of-use” or “user-
friendliness.”  In this updated definition, the scope has been extended to system, product, and 
service instead of just product. In this paper, “product” refers to “system, product, and service.” 

 
Figure 8: Usability and other outcomes of use, adopted from ISO 9241-11, 2018. 
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As illustrated in Figure 8, a product represents the object of interest. The object of interest is 
shown as the center of the use, which consists of the users, the goals and tasks, the resources, and 
the environment. Tasks are a set of activities undertaken to achieve a specific goal.  Usability 
shown as an outcome of the interaction is composed of effectiveness, efficiency, and satisfaction. 
Other outcomes of the interaction are accessibility, user experience, and avoidance of harm from 
use. Here user experience refers to users’ perceptions and responses to the use of a product. The 
extent to which achieved ability will vary depending on the product’s characteristics, the goals, 
the tasks, the users, the resources, and the user environment. 

2.3.2 Usability Testing 

Usability testing, just as its name implies, is a test of the product’s usability. In the past, usability 
testing was conducted in labs by specialists with numerous subjects. The cost of such usability 
testing prohibited the wide usage of the technique. This situation shifted in the early 1990s when 
researchers (e.g., Lewis, 1995; Nielsen, 1994; Virzi, 1992, 1990) showed that smaller numbers of 
participants were sufficient to discover most usability issues. This finding has boosted 
employment and the evolution of usability testing. Empirical usability testing is one of four 
methods (automatical, empirical, formal, and informal) for software usability inspection 
(Nielsen, 1994). Thanks to rapid technological development, it has developed into a rich study 
area with established procedures and ever-changing testing devices.  
 
There are two types of empirical usability testing, formative and summative. Formative usability 
testing focuses on problem discovery in an iterative design process and is commonly used to test 
product prototypes with a small number of users (Gould, 1988; Gould et al., 1987; Gould & 
Boies, 1983; Gould & Lewis, 1985). Several handbooks have elaborated formative usability 
testing (e.g., Barnum, 2010; Dumas et al., 1999; Rubin et al., 2008) Summative usability testing 
is more formal and focuses on obtaining scientific measurements, mostly on a finished product, 
often intending to test specific hypotheses. Summative usability testing is widely adopted in 
academics in many fields, such as education (Navarro et al., 2015);  healthcare (Kascak et al., 
2013; Reis et al., 2019); weather monitoring (Adhy et al., 2018); geographic information system 
(Unrau & Kray, 2019);  etc. Ideally, designing a product with good usability would employ both 
usability testing types in the iterative design and development process (Lewis, 2006). 

2.3.3 Well-known Attributes and Measures 
Various standards and models list a range of attributes for usability. Each attribute reveals its real 
meaning only when the attribute’s measure is specified (Shackel, 1991). Table 2 contains a 
summary of highly cited attributes and measures. These attributes and measures are developed 
from three main seminar work: Nielsen’s five attributes (1994) , ISO 9241-11 ( 2018) standards, 
and MUSiC (Bevan & MacLeod, 1994).  

 
Table 2:  Attributes and Measures in standards and models. 

Usability 
Attributes 

Definitions Measures 
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Effectiveness  
(Bevan & 
MacLeod, 1994; 
Harrison et al., 
2013; ISO 9241-
11, 2018; 
Quesenbery, 
2003; Seffah et 
al., 2006; 
Shackel, 1991) 
 

The required range of tasks must be 
accomplished better than some required 
performance level (e.g., speed and errors) by the 
target users in the usage environments (Shackel, 
1991). 

Each action time, kind and rate of errors, 
recovery from errors (Shackel, 1991). 

the extent to which the intended goals of use of 
the overall system are achieved (Bevan & 
Macleod, 1994) 

The goal or sub-goals of using the system to the 
accuracy and completeness with which these 
goals can be achieved (Bevan & Macleod, 1994) 

The completeness and accuracy with which 
users achieve their goals (Quesenbery, 2003). 

The accuracy of task completion and undetected 
errors (Quesenbery, 2003) 

The degree of accuracy and completeness with 
which the user achieves a specified task in a 
certain context.  
(Seffah et al., 2006) 

Not mentioned directly 

The ability of a user to complete a task in a 
specified context (Harrison, 2013) 

Task completion rate (Harrison, 2013) 

The accuracy and completeness with which 
users achieve specified goals. Lack of it can 
result in outcomes that could cause harm from 
use (ISO 9241-11, 2018) 

-- Correctness of one task completed by one user 
-- Success rate of tasks completed by a group of  
users  
-- Error’s frequency and other details 
-- User’s perception of the correctness of one 
task completed by one user 
-- User’s perception of the success rate of tasks 
completed by a group of users (ISO 9241-11, 
2018) 

Errors 
(Constantine & 
Lockwood, 
1999; Harrison 
et al., 2013; 
Nielsen, 1994; 
Quesenbery, 
2003) 
 

Any action that does not accomplish the desired 
goal (Nielsen, 1994) 

numbering the number of such actions made by 
users while performing some tasks (Nielsen, 
1994) 

(Reliability) leads its users to make fewer 
mistakes (Constantine and Lockwood, 1999 ) 

the percent of completed work that was correct 
(Constantine and Lockwood, 1999 ) 

(Error Tolerant) How well the product prevents 
errors and helps the user recover from any that 
do occur (Quesenbery, 2003) 

Observation of how easily or accurately users 
recover from problems (Quesenbery, 2003) 

how well the user can complete the desired tasks 
without errors (Harrison, 2013) 

number and evaluation of errors (Harrison, 
2013)  

Efficiency  
(Bevan & 
MacLeod, 1994; 
Constantine & 
Lockwood, 
1999; Harrison 
et al., 2013; ISO 
9241-11, 2018; 
Nielsen, 1994; 

An expert user’s steady-state level of 
performance after the initial learning phase is 
completed (Nielsen, 1994) 

Measure the time it takes an expert user to 
perform some typical test tasks (Nielsen, 1994) 

(Efficiency in use) Be efficient to use, leading to 
greater productivity on the part of its users  
(Constantine and Lockwood, 1999 ) 

The percent correctly completed per unit 
time(Constantine and Lockwood, 1999 )  

The resources such as time, money, or mental 
effort that have to be spent to achieve the 
intended goals (Bevan & Macleod, 1994) 

The time or resources a user spends on 
performing a task (Bevan & Macleod, 1994) 
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Seffah et al., 
2006) 
 
 

The speed (with accuracy) with which this work 
can be done (Quesenbery, 2003) 

Timing data and subjective impressions from 
users (Quesenbery, 2003) 

The amount of resources expended concerning 
the accuracy and completeness with which the 
user achieves a goal (Seffah et al., 2006) 

Not mentioned directly 

The ability of the user to complete their task 
with speed and accuracy (Harrison, 2013) 

The time to complete a given task, or the number 
of keystrokes required to complete a given task  
(Harrison, 2013) 

The resources(time, the human effort, money, 
and materials) used about the results achieved 
(ISO 9241-11 2018) 
 

-- Time to complete the task 
-- Cost to complete the task   
-- User’s perceived time to complete the task 
-- User’s perceived cost to complete the task 
(ISO 9241-11 2018) 

Learnability 
(Constantine & 
Lockwood, 
1999; Harrison 
et al., 2013; 
Nielsen, 1994; 
Seffah et al., 
2006; Shackel, 
1991)  
 

Initial ease of learning (Nielsen, 1994) Measure the time it takes a novice user to reach 
a specified level of proficiency (complete a 
certain task successfully) in using it (Nielsen, 
1994) 

The time to learn from commissioning based 
upon some specified amount of training and user 
support, and the time to relearn each time for 
intermittent users (same with casual users) 
(Shackel, 1991) 

The time to learn (Shackel, 1991) 

(Rememberability) Easy to learn how to use 
(Constantine and Lockwood, 1999 ) 

the percent of total assigned work completed 
within the allotted time (Constantine and 
Lockwood, 1999 ) 

How well the product supports both initial 
orientation and deeper learning (Quesenbery, 
2003) 

Time to learn (Quesenbery, 2003) 

The ease with which the features required for 
achieving particular goals can be mastered 
(Seffah et al., 2006) 

Not mentioned from a usability testing 
perspective., 

The ease with which a user can gain proficiency 
with an application (Harrison, 2013) 

How long it takes these participants 
to reach a pre-specified level of proficiency 

Memorability 
(Constantine & 
Lockwood, 
1999; Harrison 
et al., 2013; 
Nielsen, 1994) 
 

Easy to remember for casual users (Nielsen, 
1994) 
 

Measure the time it takes a casual user to 
perform some typical test tasks after a period of 
time away from the system (Nielsen, 1994) 

Once learned, easy to remember how to use it 
(Constantine and Lockwood, 1999 ) 

Not mentioned directly 

The ability of a user to retain how to use an 
application effectively  (Harrison, 2013) 

Comparing the performance of similar tasks 
before and after a period of inactivity (Harrison, 
2013)  
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Satisfaction 
(Bevan & 
MacLeod, 1994; 
Constantine & 
Lockwood, 
1999; Harrison 
et al., 2013; ISO 
9241-11, 2018; 
Nielsen, 1994; 
Seffah et al., 
2006; Shackel, 
1991) 
 

Users should have an 
entertaining/moving/enriching experience when 
using such a system (Nielsen, 1994) 

Psychophysiological measures (if applicable), 
the user’s subjective opinion from a 
questionnaire (Nielsen, 1994) 

Leaving them subjectively pleased about their 
experience using it (Constantine and Lockwood, 
1999 ) 

Not mentioned directly 

(Attitude) Acceptable levels of the human cost in 
terms of tiredness, discomfort, frustration, and 
personal effort, so that satisfaction causes 
continued and enhanced the usage of the system  
(Shackel, 1991) 

Not mentioned directly 

The extent to which the user finds the overall 
system acceptable (Bevan & Macleod, 1994) 

Attitude rating scales such as SUMI and 
indirectly measures, e.g., the ratio of positive to 
negative comments during  
use, rate of absenteeism (Bevan & Macleod, 
1994) 

(Engaging) How pleasant, satisfying, or 
interesting an interface is to use (Quesenbery, 
2003) 

Interviews or surveys (Quesenbery, 2003) 
 

Freedom from discomfort and positive attitude 
towards the use of the software product (Seffah 
et al., 2006) 

Not mentioned directly 

The perceived level of comfort and pleasantness 
afforded to the user through the use of the 
software and reflected in the attitudes of the user 
towards the software  (Harrison, 2013) 

Questionnaires and other qualitative techniques 
(Harrison, 2013) 
 

The extent to which the user’s physical, 
cognitive and emotional responses that result 
from the use of a system, product, or service 
meet the user’s needs and expectations  (ISO 
9241-11, 2018) 

-- Observed frequency of reuse 
-- Observed of certain emotions 
-- Satisfaction with experience (e.g., task 
achievement, trust, propensity to recommend, 
pleasure, comfort, etc.) 
(ISO 9241-11 2018) 

Flexibility 
(Shackel, 1991)  

Task flexibility (how a new product is integrated into people’s work patterns) and environment 
flexibility (how a product performs in different environments) (Shackel, 1991) 
Not mentioned directly 
It concerns the functionality of the device within a given application domain.  
(Measures are not mentioned.) 

Adaptiveness 
(Bevan & 
Macleod, 1994) 

Cognitive 
Workload 
(Bevan & 
MacLeod, 1994; 
Harrison et al., 
2013) 
 

the mental effort required to perform tasks and 
particularly important in safety-critical 
applications (Bevan & Macleod, 1994) 
 

Heart rate variability, the Subjective Mental 
Effort Questionnaire (SEMQ), and the NASA 
Task Load Index (TLX) (Bevan & Macleod, 
1994) 

The amount of cognitive processing required by 
the user to use the application. (Harrison, 2013) 

NASA Task Load Index (TLX) (Harrison, 2013) 
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Productivity, 
Safety, 
Trustfulness, 
Accessibility, 
Universality, 
Usefulness 
(Seffah et al., 
2006) 

Productivity is the level of effectiveness achieved in relation to the resources (i.e., time to complete 
tasks, user efforts, materials, or financial cost of usage) consumed by the users and the system. In 
contrast with efficiency, productivity concerns 
the amount of useful output obtained from user interaction with the software product. Macleod et al. 
(1997) noted that there are generally two types of user tasks: productive and unproductive. The 
productive user task actions are those that contribute to the task output. Therefore, our definition of 
productivity considers the productive resources that are expended in accomplishing users’ tasks. 
 
Safety concerns whether a software product limits the risk of harm to people or other resources, 
such as hardware or stored information. 
 
Truthfulness is the faithfulness a software product offers to its users. It is most pertinent concerning 
e-commerce websites; it could potentially apply to many different software products. 
 
Accessibility is the capability of a software product to be used by persons with some type of 
disability. 
 
Universality concerns whether a software product accommodates a diversity of users with different 
cultural backgrounds. 
 
Usefulness is whether a software product enables users to solve real problems acceptably. 
(Measures are not mentioned.) 

 
To summarize, the popular eight attributes in summative usability studies include effectiveness, 
errors, efficiency, learnability, memorability, satisfaction, flexibility, and cognitive workload. 
Measures for these attributes are categorized into five groups (Table 3).  
 
Table 3:  Attributes and grouped measures. 

Attributes Grouped measures 

Effectiveness Rate of task completed correctly and numbers and details of errors. 

Errors 

Efficiency  time and other resources spent on successful task 
completion  

by all levels of users 

Learnability by novice users 

Memorability by medium-level users after a period of 
stopping  

Flexibility  the number of incidences and time spent on unexpected actions in completing a task 

Satisfaction psychophysiological measures (e.g., EEGs, pupil dilation, heart rate, blood pressure, etc.); 
questionnaires (see Section 5.2), interviews, the observed frequency of reuse, and certain emotions  
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Cognitive 
Workload 

the Subjective Mental Effort Questionnaire (SEMQ) and the NASA Task Load Index (TLX) 

 

2.3.4 Cognitive Workload in Usability 
Among these attributes, cognitive load is defined as the mental effort required to perform tasks 
and is particularly important in safety-critical applications by Benvan and Macleod (1994). It.’ 
refers to the user’s cognitive processing amount to use the application (Harrison, 2013).  And the 
Subjective Mental Effort Questionnaire (SEMQ) and the NASA Task Load Index (TLX) are 
proposed to assess cognitive workload. 
 
One study used tapping testing as a practical method of measuring cognitive load for website 
usability (Albers, 2011). Another study provides an overview of three methods of measuring 
cognitive load for websites: NASA TLX, the Sternberg Memory Test, and a tapping test (Duh et 
al., 2006). 
 

Chapter 3 Research Questions 
 
Several gaps in current research have been identified through the literature review presented 
above. These gaps are: 
 

1. Despite the significance of cognitive workload in user experience, it tends to be 
overlooked in the Human-Computer Interaction (HCI) field (Coursaris & Kim, 2006; 
Harrison et al., 2013; Zhang & Adipat, 2005). Moreover, limited studies that included 
cognitive workload as one attribute often measure summative cognitive workload using 
subjective measures (Albers, 2011; Duh et al., 2006).  Few works explored the value of 
low-cost EEG devices in collecting objective cognitive load measures.  
 
2. The majority of studies (Asif et al., 2019; Borys et al., 2017; Cernea et al., 2012; Chen 
& Epps, 2013; Z. Y. Chin et al., 2018; Cirett Galán & Beal, 2012; Dan & Reiner, 2017; 
Dimigen et al., 2011; Ehlers, 2020; Evans & Fendley, 2017; Gao et al., 2013; Gardner et 
al., 1975; Granholm et al., 1996; Gwizdka et al., 2017; Hild et al., 2014; Iqbal et al., 
2004; Just & Carpenter, 1975; Knoll et al., 2011; Kumar & Kumar, 2016, 2019; Marshall, 
2002; Mazher et al., 2017; Notaro & Diamond, 2018; Perkhofer & Lehner, 2019; 
Pomplun & Sunkara, 2003; Rantanen & Goldberg, 1999; Rudmann et al., 2003; 
Trammell et al., 2017; Tsai et al., 2007; Wang et al., 2014; Winslow et al., 2013; 
Zagermann et al., 2016, 2018) were not executed in a smartphone setting and therefore 
cannot provide direct evidence that EEG and eye-movement data are equally good 
measures for cognitive workload in a smartphone application setting. There are a lot of 
differences between computer settings and smartphone settings. For example,  screen 
sizes are different, large versus small. Users' interactions with desktop and mobile are 
distinct; cursors versus gestures. The way content is organized is not the same; columns 
versus scrolling. Users interact with their mobile devices in different manners: (1) using 
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only one hand, (2) using both bands, and (3) in a passive manner; and in three body 
postures: walking, standing, and sitting (Hoober, 2013). Also, the environments where 
users use their smartphones are much more diverse than where they use a desktop 
computer.  
 
3. Few studies examined the instantaneous cognitive workload during tasks and its 
relationship with software/application interface design. 

 
We proposed to use the data collected by a low-cost EEG device and a user-friendly eye tracker 
to study how instantaneous cognitive workload changes during tasks can inform mobile 
application interface design. Before we examined how cognitive load changes can inform mobile 
application design, we first established that previous findings are equally applicable in a 
smartphone setting. The evidence provided by this study shall pave the way for future cognitive 
workload studies in a smartphone setting and lay the groundwork for connecting instantaneous 
cognitive load changes with the user interface design of smartphones.   
 
Published works closest to the proposed work from different perspectives (Table 4) are Borys et 
al. (Borys et al., 2017), Cabañero et al. (Cabañero et al., 2020) , Dan & Reiner (Dan & Reiner, 
2017), Evans & Fendley (Evans & Fendley, 2017), Kumar & Kumar (Kumar & Kumar, 2019), 
Perkhofer & Lehner (Perkhofer & Lehner, 2019), Wang et al. (Wang et al., 2014).  
 
Table 4: Similarities and differences of papers compared with the study. 

Similarities  Differences Details  

Measures 
used;  
Working 
memory tasks 
used:  

1. Experiment Setting: 
Computer; 
2. Devices: Mitsar 
EEG 201, SMI Eye 
Tracking Glasses 2.0 
3. Analyzed the 
averaged cognitive 
workload in intervals.   

Borys et al. (2017) collected response times, committed errors, EEG 
spectral data as well as eye-movement data, including pupil meters, 
fixations, saccades, and blinks, while participants completed six 
arithmetic tasks on a computer with five breaks as intervals. Two 
correlation analyses showed that the best cognitive workload measures 
were eye movement and pupil dilation measures. 

 Smartphone 
Setting  
 

1. Devices: Bitbrain 
Versatile EEG 16 
2. Analyzed the 
averaged cognitive 
workload in each task. 
 

Cabañero et al.(2020) conducted a study in which  26 users performed 
12 typical tasks using a mobile device while brain activity was 
monitored through the Bitbrain Versatile EEG 16. The typical tasks 
include querying an item, searching, copy & paste, etc. The experiment 
results (mean and standard deviation) show different cognitive loads 
were invoked by different tasks. This study provides a piece of 
evidence for using EEG as a measuring tool in a smartphone setting.  

Memorizatio
n Task  

1.Experiment Setting: 
a larger screen 
(2.8m*1.8m); 
2. Devices: an EEG 
cap (no further 
information provided) 
3. Analyzed the 
averaged cognitive 
workload in each 

Dan & Reiner (2017) conducted an experiment where participants 
watched a 2D or a 3D virtual reality presentation of an instructor 
folding a crane for 5 mins in a  2.80m * 1.80m  screen. They were 
asked to memorize the order of folding steps while EEG signals were 
recorded. The folding process consists of four periods, and Periods 2 
and 4 are known to be the most difficult steps. Significant differences 
were found in the average relative cognitive workloads of Periods, and 
4. They considered the experiment a proof that EEG real-time measures 
are indicative of users’ mental states during learning. 
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period of the folding 
process  

Measures 
used 

1.Experiment Setting: 
Computer; 
2. Devices: Mitsar 
EEG 201, SMI Eye 
Tracking Glasses 2.0 
3. Analyzed  the 
averaged cognitive 
workload among 
automation levels. 

Evans and Fendley (2017) assessed human-computer interaction in a 
real-time strategy game called Arcanium, using high, low, and 
intermediate automation levels on a computer. Eye behavior metrics, 
time of the run, and subjective survey results were analyzed.  
It was found that the NASA-TLX scores,  time to complete the run, and 
the visual fixation rate were significantly different among the 
automation levels. These findings suggest that assessing visual 
physiology may be a promising indicator of cognitive workload when 
interacting with static autonomy levels. This effort brings us one step 
closer to using visual physiology as a practical measure for assessing 
cognitive workload in near real-time. 

8-inch 
Tablet 
Experiment 
Setting 
 
 
 

1. Devices: an EEG 
headset (No brand 
information provided) 
2. Analyzed the 
averaged cognitive 
workload in each task 
completed on 
difference displays 

Kumar and Kumar (2019) measured cognitive workload caused by 
different display designs using  EEG, task performance data, and 
subjective data. Results were congruent across three types of data and 
suggested that  ‘ digital display’  caused high cognitive workload 
compared to analog and hybrid display for ‘ monitoring and controlling 
tasks’.  

Measures 
used 
 

1. Devices: an SMI 
stationary eye-tracking 
system with nine-point 
calibration  
2. Task: answering 
questions with 
varying complexity 
levels.  
3. Experiment Setting: 
not mentioned  

Perkhofer and Lehner (2019) demonstrated and verified the usage of 
one comprehensive and robust measure combining fixations, saccades, 
and blinks to indicate cognitive load.  

 
 

In this project,  employing a smartphone setting,  we examined the reliability of an eye-tracking 
device (i.e., Tobii Pro Nano) and a low-cost electroencephalogram (EEG) device (i.e., MUSE 2) 
for  detecting real-time cognitive workload changes during N-back tasks. After examining and 
comparing several cognitive workload measures and verifying the devices’ validity and 
reliability, we selected the best measure to identify user interface design issues in a mobile 
application, and proposed an alternative design to address the issues. Finally, we empirically 
compared the usability of the two designs. This case study provides empirical evidence for those 
objective psychophysiological measures that can be used to monitor instantaneous cognitive 
workload in a smartphone setting. 
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Chapter 4 Methods  
 
This section provides an overview of the methods that were employed in the dissertation project. 
We conducted two experiments. The goal of Experiment One was to establish the usefulness of 
measures collected by MUSE 2 and Tobii Nano and to select the best measures for detecting user 
cognitive workload changes during tasks. Experiment Two consists of two phases. The goal of 
Phase One experiment was to use cognitive workload changes during tasks to identify user 
interface design issues. Then we designed an alternative interface to address the issues . The goal 
of the Phase Two experiment was to evaluate the improvement of the alternative design over the 
initial UI design. We adopted the Cognitive Load Theory as a framework in designing the two 
UI .  
 
We originally planned to start recruiting UA students to participate in the experiments in Fall, 
2020, but due to the COVID-19 pandemic, this plan was shelved. After evaluating the pandemic 
situation in China and in the US, we have decided to transfer the experiment to China. This study 
has already obtained permission from Qinghe Highschool in the Jiangsu province of China. Our 
IRB application has been approved by the UA IRB office (Protocol Number: 2101428836). 
Because the study included children 15-17 of age, we paid extra close attention to follow the 
approved protocol precisely. For example, we used age-appropriate language in the assent form 
for the children and created a separate consent form for the parents. And we enrolled a 
participant only when we had received both forms with signatures. 
  
The rationales for recruiting selecting high school students as the study population is: 

1) High school students (15-20 year old) have plenty of experience with 
smartphones due to being immersed in a world with smartphones since birth. 
2) The cognitive workload and ages are correlated. The brains of students (15-20) 
are at the peak time of cognitive function of the brain. 
3) The experiment will bring no more significant risk to the participants and allow 
participants to experience advanced technology and scientific research. 
4) Future research will broaden the age range to adults, especially to the elderly 
population. Because cognitive function decreases significantly with aging, studying how 
the declined cognitive capability affects senior users of mobile applications can provide 
fundamental insights on designing applications for senior users. 

  
We used the MUSE 2 headband and Tobii Pro Nano as the devices to collect cognitive workload 
related measures. 
  
Some examples of EEG devices, ordered at prices, from low to high: MUSE 2 headband, Emotiv 
Insight, OpenBCI, ANT Neuro, BioSemi, etc (Farnsworth, 2019). A ranking of the top eye-
tracking companies, ordered by the number of publications found through Google Scholar, is 
Tobii, SMI, EyeLink, Smart Eye, LC Technologies, Gazepoint, The Eye Tribe, etc(Farnsworth, 
2020). 
  
Among these EEG devices, the MUSE 2 headband (Figure 9a, $250) is a versatile, easy-to-use, 
and affordable EEG recording system from InterAxon Inc. It is a four-channel headband with dry 
electrodes at positions AF7, AF8, TP9, and TP10 (Figure 9b). A reference electrode is placed on 
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the forehead of the user at position Fpz. The material used for the frontal electrodes is silver, 
whereas conductive silicone rubber is used for temporal electrodes. The MUSE headband 
records EEG data at a sampling rate of 256 Hz. In our experiment, the MUSE headband was 
paired to a smartphone via a mobile application (Mind Monitor). The application recorded EEG 
data and transmitted to a cloud drive (e.g. Dropbox) for further offline processing. 
 

 
  

Figure 9: (a) MUSE 2 EEG headband;  (b) MUSE 2 EEG headband electrode positioning according to 10–20 
electrode positioning system adopted from (Asif et al., 2019). 

  
Despite the small number of sensors and the mismatch of the locations of the sensors to the 
standard 10-20 positioning system, several studies have shown that MUSE headband has the 
potential to provide good quality EEG data for human stress classification and predicting user’s 
task performance (Arsalan et al., 2019; Asif et al., 2019; Krigolson et al., 2017; Papakostas et al., 
2017; Ratti et al., 2017). However, another study has also shown that the data collected by 
MUSE headband with a MUSE Monitor application was of poor quality in noisy conditions, 
such as at a public lecture (Przegalinska et al., 2018). This dissertation adds evidence to this pool 
of results on the usefulness of MUSE2 in measuring cognitive loads.  
  
Having picked an EEG device with its usefulness still under investigation, we selected a well-
established eye tracking device for this study to control the risk.  We chose Tobii Pro Nano 
because it is the top of eye-tracking companies and has been used in 20.5k publications. It is also 
an accessible and efficient approach to capture eye movement (Figure 10) and is used by many 
HCI researchers (Ehlers, 2020; W. F. Lee & Chenkin, 2020; Sugaya, 2019). Tobii Pro Nano can 
be mounted on a mobile testing accessory manufactured also by Tobii (Figure 10). 
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Figure 10: Tobii Pro Nano and Tobii Pro Testing Accessory. The blue line delineates how Tobii captures eye 
movements. 

 
An NSF-sponsored project led by Dr. Cui (NSF award #1661485) provided the eye-tracking and 
EEG devices, including the mobile phone stand for the eye tracker. The environment’s 
brightness variations produce changes in pupil size (Pfleging et al., 2016; Zagermann et al., 
2016). Therefore the experiment was conducted in a room with curtains on to avoid natural 
lighting conditions. Environment, such as noise, also impacts cognitive load (Örün & Akbulut, 
2019). We made sure the experiment room was free of all noise during the experimental 
sessions. 
  
Using EEG devices has several other requirements. These include a clean scalp, clean electrodes, 
minimum participant activities, including head movements, since a small movement could 
generate muscle-based signals known as artifacts (Pratama et al., 2020). Therefore, we 
unstructured all participants to stay as still as possible and not wear makeup during the 
experiment. Also, as electrodes need to be attached to the ears’ back, we encouraged participants 
to wear contacts instead of glasses.  
  
Next, we describe the participants, tasks, and procedures for each experiment. 

4.1 Experiment One 
The goal of Experiment One was to establish the usefulness of measures collected by the MUSE 
2 headband and Tobii Pro Nano and to select the best measures for detecting user cognitive 
workload changes during tasks.  These cognitive workload measures included: (1) Event-Related 
Desynchronization (ERD)  percentage for alpha, beta, and Event-Related Synchronization (ERS) 
theta rhythms extracted from EEG data;  (2) multiple eye movements: pupil dilation, saccade 
duration, saccade number in second, fixation duration, and fixation number in second; (3) user 
performance data: reaction time and accuracy rate. 
  

4.1.1 Participants 
We recruited 5 students as pilots and 30 students as participants from Qinghe High School, 
China. The inclusion criteria were normal vision or correct to normal vision, normal cognitive 
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function, and proficiency in smartphones. As a precaution for COVID-19, the following 
populations were excluded from the study: all persons age 65 or older, or persons of any age with 
a medical condition including lung disease or moderate-severe asthma, a severe heart condition, 
immune system compromise, obesity (BMI >39), diabetes, or chronic kidney or liver disease. 
  
Students who participated either as pilots or as participants were compensated ￥50 in Chinese 
currency after they complete the task successfully.  If participants failed to complete the required 
tasks, they would not receive the compensation.   
 

4.1.2 Task: N-Back Task 
In Experiment One, all participants completed an N-back task (see Section 2.2.5 for details). 
    
When employed in a computer setting, experiment participants can press individual keys on 
keyboards as “YES” or “NO.” To cope with the touch screen of a smartphone, we placed “×” on 
the left bottom corner, and  “√” on the right bottom corner of the smartphone screen (Figure 11) . 

 
  
Figure 11: A screenshot of the N-back task.   

In this study, we employed a 1-back task and a 2-back task to create a low cognitive workload 
condition and a high cognitive workload condition. The rationale of only including 1 and 2  
levels is to simulate cognitive workload levels smartphone users would experience in the real 
world.  
 
The key features of the N-back task implementation were: 

● Four sets of letters were created and arranged in two groups for a training block 
and an experiment block.  

○ Training Block:  

■ 5 trails of 1-back task (EEIPP) as a training session,  
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■ 6 trails of 2-back task (OSOMLI) as a training session; 

○ Experiment Block: 

■ low cognitive workload block:  20 trials of 1-back 
task( DAABEEDRRODHHRDSSELDD); 

■ high cognitive workload block: 21 trails of 2-back 
( BAEAAEASHSAELEOBBBOSHS). 

○ These two sets of letters in the experiment block were designed to have an 
identical “YES” or “NO” response sequential:  
YNNNYNNNYNNNYNNYNNYN. 

● Each stimulus was presented for maximally 3000 milliseconds. 

The low and high cognitive workload blocks were randomly and evenly assigned to participants. 
More specifically, 15 participants assigned an odd ID completed the task in Order 1: low 
cognitive workload block, high cognitive workload block; and another 15 participants assigned 
an even ID completed the task in Order 2: high cognitive workload block, low cognitive 
workload block. 

4.1.3 Procedure 
Participants entered the experiment room and performed the experiment one at a time. 
 
First, participants watched an instructional video of the instruments and experimental procedure 
(https://youtu.be/_d24CRSwhuQ). Participants were free to ask any questions after viewing the 
video. The experiment started with the participant filling in a demographic questionnaire 
(Appendix A). This questionnaire covered subjects' age, gender, strong hand, experience with 
smartphones, current smartphone usage situation. 
 
Then, they wore the MUSE 2 headband, and adjusted to a comfortable sitting position. After 
that, the participants completed eye-tracking calibration with Tobii Pro Nano followed by a 10 
seconds with an eye-open relaxed position and a 10 seconds with an eye-closed comfortable 
position. 
 
After the preparation step, the participants completed the training session. They can ask any 
questions about the N-back task during or after the training section. The training sessions were 
excluded from data analysis. 
  
Then the participants completed the experiment session of the N-back task (See Chapter 4.1.2) at 
the experiment station, wearing the MUSE 2 headband. They first completed 20 trails of 1-
back/2-back stimuli, followed by 20 trails of 2-back/1-back stimuli, with intervals of 
approximately 1-2 seconds* in between each 1-back/2back stimuli (the time between a response 
and the display of the next stimuli) and a rest period of 5 sec in between 1-back and 2-back 
blocks.  The participants were instructed to respond to tasks as accurately and rapidly as 
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possible. *The variation of intervals between each 1-back/2back stimuli caused by the internet 
loading time varied. 
  
The MUSE 2 headband collected raw EEG data of  TP9, AF7, AF8, TP10 through an application 
called Mind Monitor (iOS Version 2.2.0) (Figure 12a) . And the Tobii Pro Nano recorded 
multiple types of eye movement data: pupil dilation, saccade length, saccade velocity, fixation 
duration, and fixation number (Figure 12b) . The self-developed website for the N-back task 
collected the reaction time and accuracy rate during the experiment (Figure 12c) (N-back task 
website: http://n-back.artkey.xin/) .It is designed for an experiment on a smartphone, and it 
works best on a smartphone.) 
 

  
Figure 12: (a) The MUSE 2 headband was transmitted over Bluetooth to a phone via an application called 
Mind Monitor for EEG data collection, and the EEG data were uploaded to the research’s selected cloud drive 
after each participant completed the task. (b) The N  back task was on a website designed by researchers, and 
the user performance data was collected via the server. (c)The Tobii Pro Nano eye tracker was connected to a 
laptop with Tobii Pro Lab software installed, and the eye movement data was collected by the Tobii Pro Lab 
software and stored in the hard drive of the laptop . 
 
Besides the procedure described above, the procedure described in Appendix B when conducting 
the experiments as a precaution of COVID-19 was followed as well. 

4.1.4 Measures 
Data collected from the experiments allows us to examine and compare the following  measures: 
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(1)  Event-Related Synchronization percentage (ERS) of Theta,  Event-Related 
Desynchronization percentage (ERD) of Alpha, Event-Related Desynchronization 
percentage (ERD) (Equation 1 in Section 2.2.2). 
 
(2)  Multiple eye movements: pupil dilation, saccade duration, saccade number in second, 
fixation duration, and fixation number in second. 
 
(3)  User performance data: reaction time and accuracy rate. Reaction time (RT) is the 
time period between the onset of a letter and a response made by a participant. The 
accuracy rate (AR) is the ratio of the number of correct inputs and the total number of 
inputs.  

 

4.2 Experiment Two 
 
In Experiment Two, we used the best measures selected from Experiment One in a mobile 
application user interface improvement exercise. The aforementioned NSF-sponsored project, 
“ABI Innovation: Authors in the driver's seat: fast, consistent, computable phenotype data and 
ontology production” (NSF award # 1661485), is developing  an effective mobile user interface 
to facilitate users with domain knowledge but little terminology control knowledge to effectively 
use the application. An initial user interface has been designed and implemented by the project 
and to be improved by this part of the dissertation project 
 
In the Phase One of this experiment, participants used the initial UI while wearing the MUSE 2 
headband and being tracked by Tobii. The effective EEG and eye movements metrics obtained 
were used to identify any hidden usability issues. Following iterative design principles (Kate, 
2019), we designed an alternative interface to address the issues before the Phase Two 
experiment. The goal of the Phase Two experiment was to evaluate the improvement of the 
alternative UI over the initial UI design and implementation. 
 
. The advantages of using this mobile application as the testbed for this dissertation include: 

1. It offers insight and provides answers, at least partially, to the questions on usability and 
alternative design for the “Authors” project.  
 

2. The core of the mobile application involves the navigation of a large hierarchical 
structure, a common user interface component in mobile applications. Examples of 
hierarchical navigation systems include geographic locations in shipping modules, 
product catalog modules on shopping sites, university websites, etc.   
 

3. The mobile application contains manifestations of all seven conditions that may result in 
the seven effects that impact extraneous cognitive load (Figure 13). (1) Goal-free effect. 
Using this mobile application, the user with thorough domain knowledge needs to put a 
term that has been placed in various locations by a community of users to a logical 
location in the hierarchy. The user is not directed to put the term in a predetermined 
location but a location that seems to be the best fit. (2) Worked example effect. In the 
application, users can see where users put the same term. (3) Problem completion effect. 
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When a user is adding the term, the application displays a set of questions (i.e., steps) the 
user needs to answer to complete the addition. This set of questions is, in effect, the steps 
the user needs to take to add a term. (4) Split attention effect. The questions (steps) a user 
needs to answer split their attention from the current task of adding a term. (5 and 6) 
Redundancy effect and modality effect: in the application, some terms have a text 
definition, some have an illustration, and others have both. (7) Expert reversal effect. 
Users with different levels of domain expertise are the users of the application. Although 
they are all senior researchers, they may or may not have the exact amount of knowledge 
in all areas that are covered by the terminology.    
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Figure 13: The UI interface for the “Add a term” task in the Application: Ontology Conflict Solver contains 
manifestations of all seven conditions that result in the seven effects that impact extraneous cognitive load. The red 
frames demonstrate how these effects 2,3,4, 5, and 6, are employed in the interface. As a whole, the interface is also 
a great experiment environment for (1) Goal free effect and (7) Expert reversal effect. 
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 In the experiments with high school students from China, the entire UI was translated into 
Chinese for the Experiment Two (See Appendix C for UI in Chinese). 

4.2.1 Participants 
We recruited the same 5 students as pilots and the same 30 students as participants who 
participated in Experiment One. They were assigned the same experiment IDs.  
 
Students who participated either as pilots or as participants were paid 50 in Chinese Currency for 
each phase. They received 100  in Chinese Currency as a total if they completed two phases.  If 
participants failed to complete the required tasks, they would not receive compensation.   

4.2.2 Task 
In both phases of the Experiment Two, all participants completed two “Add a term” tasks using 
the given mobile application, Conflict Solver (Figure 13). Two terms were leaf blade and leaf 
blade color. All participants were provided basic information (Appendix D) about these two 
terms and instructed to memorize it one week before the experiment started. The participants 
were instructed to answer a set of related questions about these two terms and search/navigate in 
the app. 
   
To avoid the serial order effect, the participants with odd IDs worked on “leaf blade” first, 
followed by  “leaf blade color”, and participants who assigned an even ID completed the tasks in 
the reversed order.  

4.2.3 Procedure 

Phase One 
Participants came into the experiment room and completed the tasks on the same smartphone one 
by one. 
  
Similar to Experiment One, first, an instructional video was played for each participant 
(https://youtu.be/fRchr2NRxHI). Any questions can be asked by them after viewing the video. 
Following the video, they wore the MUSE 2 headband and adjusted to a comfortable sitting 
position. Then, each of the participants practiced eye-tracking calibration with Tobii Nano, 
followed by a 10 seconds with an eye-open relaxed position and a 10 seconds with an eye-closed 
comfortable position. 
 
 
After the preparation, the participant completed the “Add a term” task described above.  
 
While a participant in adding terms, the experimenter observed EEG and eye movement data in 
real-time during the experiment.  MUSE 2 and Tobii Pro Nano collected the same kinds of data 
as in Experiment One. The application recorded the timestamps of each question. And the 
smartphone  recorded the participant's screen activity while operating the application.  
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At the end of the experiment, each participant was interviewed using some open-ended questions 
(in Chinese) that were : 

1)  Did you have difficulties when you were using the application? What were you trying to 
do to solve the problem(s) you eencountered?  

2) Which methods of input do you prefer, the drop-down menu or the Input box? Why so? 
3) Have the definitions and sample sentences on the top hindered or assisted you? Why so? 
4) Have other user’s answers below the questions hindered or assisted you? Why so? 
5) Which presentations of other users’ answers do you prefer, just an answer or a completed 

sentence (see the blue boxes in the image below)? Why so?

 
6) Which of the two questioning methods of questions 5 and 6 do you prefer, one sentence 

with one blank to be filled in or one completed question  (see the blue boxes in the image 
below)? Why so? 

 
7) If you were the designer, how would you change this application to make it easier to use? 

(If they want, please provide paper and pencil for them to draw.) 
8) Do you find this application easy to use?[ If answered negatively,] do you think the 

application is easy to use after some practice? 
9) Do you have any suggestions? 
10) Overall, how would you rate this application? 
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Besides the procedure described above, we followed the procedure described in Appendix B 
when conducting the experiments as a precaution of Covid-19. 

Phase Two 
Experiment Two Phase One was completed on June 30th, 2021. After around three months, Two 
in Experiment Two Phase Two started at the end of September, 2021. 
 
We recruited the same 5 students as pilots and the same 30 students as participants who 
participated in the Phase One experiment. They were assigned the same experiment IDs. 
Participant (ID: 118) dropped out of Experiment Two Phase Two due to personal reasons. 
  
Based on Phase One’s findings, we modified the application UI interface to reduce user’s 
cognitive workload to improve application’s usability. The participant completed the same 
“resolving conflict” task in Experiment Two Phase One.  

During the interview, pilots expressed that they had forgotten the experience with the initial 
interface design in Phase One. Hence,  the question “Overall, which UI design do you prefer to 
operate? Why?” was removed from the planned interview. And one pilot participant mentioned 
that he has a high degree of astigmatism, around 500-600 for both eyes, and his capture rate for 
eye movement data was extremely low ( 0, 0, and 2% for three experiments respectively). 
Therefore, I added one question about astigmatism in the interview to assess the correlation 
between capture rate and  astigmatism degree.  
 
At the end of the experiment, each participant was interviewed for some open-ended questions  
(in Chinese) that were: 

1)  Are your eyes astigmatic? If yes, can you give me your astigmatism degree? 
2) Did you have difficulties when you were in this area? What were you trying to do? What 

prevented you from doing that?  
3) Which methods of input do you prefer, the Drop Down menu or Input box? Why？ Have 

you noticed the search box above the drop-down menu? If you noticed, would you use it?  
4) Have you noticed the definition and example sentences above? Do they hinder or help 

you? 
5)  Have other users’ answers below the questions hindered or assisted you? 
6) Which presentations of other users’ answers do you prefer, just an answer or a completed 

sentence?  
7) Which of the two questioning methods of questions 5 and 6 do you prefer, one sentence 

with one blank to be filled in or one completed question ? 
8) Do you find this application easy to use? If not, do you think the application is easy to 

use after some practice? 
9) Do you have any other suggestions? 
10) Overall, how do you rate this application? 
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4.2.4 Measures 
Same with Experiment one, we collected EEG data and Eye movement data in Experiment Two. 
Yet, we only selected some cognitive workload measures based one Experiment One results 
Also, interviews were conducted to get qualitative data from participants about the difficulties 
and challenges they ran into during the task. 

Chapter 5 Results, Analysis, and Discussion 

5.1 Experiment One 
Experiment One has investigated the feasibility of using data acquired wirelessly from EEG 
headband (MUSE 2) and an eye tracking device (Tobii Pro Nano) to assess cognitive workload 
in a well-controlled N-back task in a smartphone setting.  

5.1.1 Demographic Data 
A total of 30 high school students from the Qinghe High School in Huaian, Jiangsu, China 
completed  Experiment One, including the demographic questionnaire (Appendix A). Eleven of 
30 participants were Female and 19 were Male. Their average age was 16.34 years old (SD = 
0.61). The right hand was the dominate in 29 participants, and the other participant was 
ambidextrous. The answers to Questions 4-8 of demographic questionnaire are presented in 
Table 5. To summarize the data in Table 5, all participants were frequent and proficient 
smartphone users. 
 
Table 5:  Participants’ answers for Questions 4-8 in the demographic questionnaire. 

Questions translated to English Answer (n = 30) 

Q4: Smartphone: You are able to operate smartphones 
proficiently.  

Strongly agree -- 20 
Agree -- 10 
Neither agree nor disagree -- 0 
Disagree -- 0  
Strongly disagree -- 0 

Q5: Smartphone: Which operating system do you use 
more frequently and proficiently? 

iOS -- 3 
Android -- 22 
Both -- 5 
Other: -- 0 

Q6: Smartphone: How many years have you owned/used 
a smartphone?  

Less than 1 year -- 5 
1-2 years -- 15 
3-5 years -- 7 
5-10 years -- 1 
More than 10 years -- 2 

Q7: Smartphone: How many hours a day on average do 0.5-1 hour -- 28 
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you use your smartphone when the school is in session? 1-2 hours -- 2 
3-5 hours -- 0 
6-8 hours -- 0 
More than 8 hours -- 0 

Q8: Smartphone: How many hours a day on average do 
you use your smartphone when the school is on break? 

0.5-1 hour -- 5 
1-2 hours -- 10  
3-5 hours -- 13 
6-8 hours -- 2 
More than 8 hours -- 0 

 
  

5.1.2 User Performance Data 
 
Only 29 participants' user performance data were processed, analyzed, and discussed here. 
Participant ID 126’s experimental data was not recorded due to internet connection issues.  
 
User performance data includes reaction time and accuracy rate.  For definitions see Section 
4.1.4. Measures. 
 
We analyzed the user performance data to confirm that participants perceived the various N-back 
conditions as different, and to examine order effect and incorrect/no response effect. User 
performance data processing, user performance data results, and user performance data analysis 
are included in this section.   
 

5.1.2.1 User Performance Data Processing 
The N-back Website recorded participants’ ID, N-back order, current letter, participants’ 
choices, accuracy(yes/no/null), reaction time, start timestamp in Unix time, and end timestamp in 
Unix time. Unix time is a system for describing a point in time and it is the number of seconds 
that have elapsed since the Unix epoch, excluding leap seconds (Ritchie & Thompson, 1978). 
The Unix epoch is 00:00:00.000 UTC on 1 January 1970. The start timestamp is the onset of 
each stimulus, and the end timestamp is the moment when participants make a choice. Then I 
processed the data via these steps: 
  

1.  Transform the timestamp to time-date format using the formula =TEXT 
(Unix Time columns/1000+8*3600)/86400+70*365+19,"yyyy/mm/dd hh:mm:ss.000")in 
excel files. 
  
2.  Code accuracy with right to 1, and accuracy with wrong and missed to 0. 
  
3.  Compute accuracy rate for 1 and 2 back for each participant. 
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4.  In the N-back task, participants with odd IDs complete the task in Order 1: low 
cognitive workload block, high cognitive workload block; and with even IDs complete 
the task in Order 2: high cognitive workload block, low cognitive workload block. 
Therefore, another column named Order with four levels (o_1, o_2, e_1, e_2) was added. 
o_1 and o_2 refer to this first task in odd IDs and the second task in odd IDs, and e_1 
and e_2 refer to the first in even IDs, and the second in even IDs. o_1 and e_2 are 1 back 
task, and o_2 and e_1 are 2 back tasks. 
  
5.  I conducted a Shapiro-Wilk test for the reaction time of all participants for 1 back 
and 2 back tests to check its normality. The result is significant (p < 0.001), which 
indicates the data is not normally distributed. Therefore, I conducted a Mann-Whitney-
Wilcoxon Test for reaction time between low cognitive workload (1 back) and high 
cognitive workload (2 back). Shapiro-Wilk’s method is widely recommended for 
normality tests and it provides better power than Kolmogorov-Smirnov (K-S) normality 
test. The K-S test is based on the correlation between the data and the corresponding 
normal scores. 

  
6.  I conducted a Mann-Whitney-Wilcoxon Test for reaction time between o_1 and 
e_2, between e_1 and o_2, respectively to examine the order effect.  
   

5.1.2.2 User Performance Data Results 
 
I conducted the Mann-Whitney-Wilcoxon Test for reaction time between 1 back and 2 back of 
all participants,  participants with odd IDs, and participants with even IDs to confirm participants 
perceived task difficulty increased as n grows in the n back task. The same test was also 
performed on reaction time between e_1 and o_2, and e_2 and o_1 to examine the order effect. 
e_1 and o_2 are 2 backs of even IDs and odd IDs, and e_2 and o_1 are 1 back of even IDs and 
odd IDs. The sample size for accuracy rate is too small to be sectioned for the same statistical 
analysis. Therefore, I only conducted the Mann-Whitney-Wilcoxon Test for accuracy rate 
between 1 back and 2 back of all participants.   
 
The Mann-Whitney-Wilcoxon test was used on reaction time to assess the incorrect or no 
response effect between accuracy 0 and accuracy 1 for all participants. 
 
The descriptive statistics and Mann-Whitney-Wilcoxon Test results for reaction time and 
accuracy rate between conditions are presented in Table 6.  
 
Table 6: The descriptive statistics and Mann-Whitney-Wilcoxon Test results for reaction time 
(RT) (unit: second) and accuracy rate (AR). 

Measure Condition N Mean SD Median W p-value 

RT N-back 1 580 1.11 0.35 1.06 91036 
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2 580 1.58 0.65 1.43 < 2.2e-
16*** 

Order 
(2-back) 

e_1 280 1.51 0.62 1.33 37266 0.01889
** 

o_2 300 1.65 0.67 1.53 

Order 
(1-back) 

o_1 300 1.15 0.32 1.13 32650 3.546e-
06*** 

e_2 280 1.06 0.38 0.98 

RT with  
Odd IDs 

N-back 1 [1st] 300 1.15 0.32 1.13 25475 < 2.2e-
16*** 

2 [2nd] 300 1.65 0.67 1.53 

RT with 
Even 
IDs 

N-back 1 [2nd] 280 1.06 0.38 0.98 19302 < 2.2e-
16*** 

2 [1st] 280 1.51 0.62 1.33 

Accurac
y Rate  

N-back 1 29 0.94 0.14 1 702 6.547e-
06*** 

2 29 0.85 0.11 0.9 

Reactio
n Time 

Accuracy 0 124 1.81 0.99 1.68 76304 0.00061
64*** 

1 1036 1.29 0.47 1.17 

  
 

5.1.2.3 User Performance Data Analysis 
 
Reaction Time (Section 4.1.4. Measures for the definition). 
 
The Mann-Whitney U test was conducted to examine whether reaction time had statistically 
significant differences between 1 back and 2 back for the 29 participants. The p-value (< 0.001) 
indicates the answer is yes, as expected.  Regardless of the order effect, the results between 1 
back and 2 back of participants with odd IDs and participants with even IDs also advise the n-



 

 

 
 

58 

back successfully varied the task difficulty depending on the number of load factors N (p <0.001) 
(Table 6). Meanwhile, the result of the Mann-Whitney U Test for accuracy rate between 1 back 
and 2 back designates the existence of a statistically significant difference (p<0.001) (Table 6) . 
These results confirmed the expected cognitive workload differences between the difficulty 
levels of the N-back task and thus provided a validation of the N-back task. 
  
Unexpectedly, the p values of the Mann-Whitney U Test between e_1 and o_2, between e_2 and 
o_1 stipulate that the order of n backs does affect participants reaction time (p < 0.05 and p < 
0.001) (Table 6).  
 
Since the difficulty of n back and order of the n back both had an impact on participants’ reaction 
time, I separated data into two data frames: one with odd IDs, one with even IDs. The p values (< 
0.001) of the Mann-Whitney U test for 1 and 2 backs of both data frames show the same finding 
that there is a significant difference in reaction time between 1 back and 2 back (Table 6). 
  
The differences of medians of reaction time between 1 back and 2 back for all participants, odd 
IDs participants, and even IDs participants are 0.37s, 0.4s, and 0.35s (Table 7). As we know, 
participants with odd IDs completed the n back task in the “1 back - 2 back” order , while 
participants with even IDs completed the task in the “2 back -1 back” order . Therefore, for odd 
IDs condition, 0.3s difference was added to 2 back due to it being done after 1 back, and 0.2s 
difference was added to 1 back due to it being done after 2 back. Still, the order shows more 
effectiveness in the more difficult level of n back tasks.  
  
Accuracy Rate (AR) (Section 4.1.4. Measures for the definition) 
 
The Mann-Whitney U test was conducted to examine whether the accuracy rate had significant 
differences between 1 back and 2 back for the 29 participants. The p-value (<0.001) indicates the 
answer is yes, as expected. The median of 1 back accuracy rate is 1, which is higher than the 
median of 2 back accuracy rate (0.9) (Table 6). 
  
This significance led me to examine whether reaction time is also affected by accuracy of the 
choice. It turns out that there is a significant difference (p<0.001) for the reaction time between 
accuracy 0 (1.68s) and accuracy 1(1.17s). The difference is 0.51s. 
  
As explained previously, order and n back also affect reaction time. Therefore, I separated the 
data into only odd IDs and only even IDs, 1 back with odd IDs and 1 back with even IDs, 2 back 
with odd IDs, and 2 back with even IDs. Participants with odd IDs completed 1 back first, while 
participants with even IDs completed 2 back first. 
 
As Table 6 presents, there is a statistically significant difference in reaction time between correct 
responses and incorrect or missing responses (p < 0.001), except in 1 back with even IDs 
condition. 
  

5.1.2.4 User Performance Data Discussion 
 



 

 

 
 

59 

Table 7: The medians of reaction time (unit: second) between (1 back and 2 back) * ( first-order 
and second-order). 

 N-back Order RT Difference 

1 all 1.06 -0.37*** 

2 1.43 

1 o_1 1.13 -0.4*** 

2 o_2 1.53 

1 e_2 0.98 -0.35*** 

2 e_1 1.33 

1 
  

o_1 1.13 0.15*** 

e_2 0.98 

2 e_1 1.33 -0.2** 

o_2 1.53 

  
It is worth noting is that participants spent more time making choices in 2 back when it was done 
after 1 back (1.53s) compared to when it was done before 1 back (1.33s). In contrast, participants 
spent less time on 1 back trial when they were done after 2 back (0.98s) compared with when 
they were done before 2 back (1.13s) (Table 7). 
  
One possible explanation is that when participants complete the 1 back task second, their 
performances were better after some practice with the 2 back tasks. Practice makes it better. As, 
when they complete 2 back task after 1 back task, even if they have practice with the 1 back task,  
the mental fatigue brought by time and the difficulty of the 2 back has overcome the experience 
effect.  
  
As Table 8 shows, in 1 back participants spent less time (-0.28s) in the wrong or missed 
condition than in the correct condition when it was complete first. In 2 back, participants spent 
more time in the wrong or missed condition than in the right condition either before or after 1 
back. Further, when 2 back was complete after 1 back, the difference was slightly larger than it 
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was before 1 back (1.14s vs 1.06s). One possible reason is that participants experienced fatigue 
after completing the 1 back, which fits the previous finding. 
 
Table 8: The medians of reaction time (unit: second) between accuracy 0 and accuracy 1 in (1 
back and 2 back) * ( Odd IDs and Even IDs). 

N back Accuracy Odd IDs RT 
Difference 

Even IDs Difference 

1 back 0 0.86 -0.28*** 0.68 -0.29 

1 1.14 0.97 

2 back 0 2.63 1.14*** 2.35 1.06*** 

1 1.49 1.29 

 
In sum, as expected, reaction time increased and accuracy rate decreased with the leveled up 
differential of  n back tasks, and 1 and 2 back tasks did create low and high cognitive workload 
conditions for Experiment One’ participants. 

5.1.3 EEG Data 
Is the EEG data collected by MUSE 2 valid, reliable, and feasible as an assessment tool for real-
time cognitive workload? Are measures (averages of ERD of Alpha, Beta, and ERS of Theta for 
TP9,TP10, AF7 and AF8 in a relatively short interval) sensitive to the different n back tasks’ 
cognitive workload in real-time when the n back tasks are completed on a smartphone? 

5.1.3.1 EEG Data Processing and Analysis 
 
Only 29 participants’ EEG data were processed, analyzed, and discussed here. Participant ID 
126’s EEG was not recorded due to Internet connection issues.  
 
During the experiment, participants wore a MUSE 2 headband connected to Mind Monitor. The 
Mind Monitor collected their EEG data in CSV files  at a 256 Hz rate (256 times per second). 
Columns in CSV files collected via Mind Monitor are included in Table 1 in Appendix E. The 
frequency spectrums of these channels are: Delta (δ) 1-4Hz, Theta (θ) 4-8Hz, Alpha (α) 7.5-
13Hz, Beta (β) 13-30Hz, and Gamma(γ) 30-44Hz. The EEG PSD values as read from the sensors 
are commonly in the [-1:+1] range. 
 
According to the Technical Manual from Mind Monitor Website (https://mind-monitor.com/),  
Bandpass filtering was carried out to the RAW_{TP9, AF7, AF8, TP10} data with power noise 
at 50 Hz or 60Hz. Then, a fast Fourier transform (FFT) calculation (Heckbert, 1995) was applied 
to the RAW data to get Delta_{TP9, AF7, AF8, TP10}, Theta_{TP9, AF7, AF8, TP10}, 
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Alpha_{TP9, AF7, AF8, TP10}, Beta_{TP9, AF7, AF8, TP10}, and Gamma_{TP9, AF7, AF8, 
TP10}.  These two steps are standardized EEG data processing (Pfurtscheller & Lopes da Silva, 
1999). 
 
The recorded EEG signals were processed using Excel and R through the steps in Appendix F to 
get two baselines: 
 

Baseline_near: Based on the timestamps recorded by the N-back task website, we 
sectioned the intervals starting from -200ms (approximately*) to the onset of each letter as the 
baseline interval for each letter(Xiang et al., 2021).  

 
Baseline_away: According to the timestamps recorded by the N-back task website, we 

segmented the first 3000ms of the 10s relaxing eyes open relaxing as baseline.  
 
Computed ERD of Alpha {TP9, AF7, AF8, TP10}, ERD of  Beta{TP9, AF7, AF8, TP10}, and 
ERS of Theta {TP9, AF7, AF8, TP10} with baseline near, and ERD of Alpha AF7, Alpha AF8,   
Beta AF8, and Beta TP9 with baseline away. 
 
A Non-parametric test (Mann-Whitney-Wilcoxon test) was selected for non-normal data. 
The Mann-Whitney-Wilcoxon test was conducted for 12 measures (Alpha {TP9, AF7, AF8, 
TP10}, ERD of  Beta{TP9, AF7, AF8, TP10}, and ERS of Theta {TP9, AF7, AF8, TP10} with 
baseline_near) between 1 back and 2 back , first order and second order of 1 back and 2 back, 
and accuracy 0 and accuracy 1.  See Appendix F for data analysis details.  
   

 5.1.3.1 EEG Data Results 
The average workload is the average value of instantaneous loads within a task duration (Xie & 
Salvendy, 2000). In this study, the average cognitive workload is the average ERD of Alpha, 
Beta, and ERS of Theta for TP9,TP10, AF7,  and AF8 of the intervals of each letter. The interval 
starts from the onset of each letter to the time point that a choice is being made by participants, 
which is definitely ≤ 3s. The results are presented for three sections: n back levels (1 back and 2 
back), order effect (first order and second order of 1 back and 2 back), and accurateness 
(accuracy 0 and 1). 
 
N Back Levels 
 
To examine whether the 1 or 2 back has difference between 1 back and 2 back for averages of 
ERD of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 and AF8 indexes, we conducted 
Mann-Whitney-Wilcoxon tests between 1 and 2 back of all participants The results are included 
inTable 9. Due to computational problems the numbers of subjects vary between the analyses. 
 
Table 9: The descriptive statistics and Mann-Whitney-Wilcoxon tests result for averages of ERD 
of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 and AF8 between 1 and 2 back.  

Measure N 
back 

N Mean SD Median W p-value 
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Theta_ERS_TP9 1 415 0.5103788 2.3437866 0.1606055 81290 0.05664 

2 424 0.3624826 0.8789823 0.1961127 

Theta_ERS_AF7 1 442 1.479168 7.528482 0.3261652 102550 0.1951 

2 488 40.222121 858.424241 0.3993164 

Theta_ERS_AF8 1 463 256.550957 4473.14064 0.4962916 107560 0.7199 

2 471 1.656752 6.897568 0.4979768 

Theta_ERS_TP10 1 402 0.1968689 0.2983741 0.1055942 76520 0.1935 

2 402 0.4827313 2.7181894 0.1440152 

Alpha_ERD_TP9 1 407 -0.2429342 0.6022346 -0.0708803 94305 0.07823 

2 433 -1.0891115 16.1080866 -0.0994483 

Alpha_ERD_AF
7 

1 417 -0.4870307 1.31401 -0.1177238 89413 0.03469** 

2 395 -4.1949784 63.64311 -0.1726443 

Alpha_ERD_AF8 1 422 -1.305807 7.191686 -0.1905496 91227 0.9368 

2 431 -7.442734 122.014022 -0.2087486 

Alpha_ERD_TP1
0 

1 382 -0.3358805 1.1701908 -0.0741198 75913 0.6915 

2 391 -0.2689888 0.5359719 -0.0839877 

Beta_ERD_TP9 1 424 -0.0948762 0.1298309 -0.053213 94695 0.04122** 

2 413 -0.1438368 0.3410383 -0.0645524 

Beta_ERD_AF7 1 398 -0.4218005 1.783285 -0.0801937 86126 0.8545 

2 436 -0.6272942 3.536376 -0.0829866 

Beta_ERD_AF8 1 431 -0.1898465 0.3919714 -0.0811931 99618 0.1104 

2 435 -0.2896695 0.7094699 -0.1054581 
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Beta_ERD_TP10 1 259 -0.1434616 0.2283444 -0.0740742 36067 0.2439 

2 263 -0.1571087 0.1960775 -0.0797461 

  
To further confirm the sensitivity of EEG measures to the cognitive workload difference caused 
by the n back task with the order effect excluded, I separated the EEG data into two data frames: 
participants with odd IDs and participants with even IDs. Participants with odd IDs completed 
the n back task with 1 -2 back order, while participants with even IDs completed the task with 2-
1 back order. Then I conducted Mann-Whitney-Wilcoxon tests between 1 and 2 back on the  
averages of ERD of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 and AF8 for both data 
frames:  participants with odd IDs and participants with even IDs. The results are recorded in 
Table 10. 
  
Table 10:  The descriptive statistics and Mann-Whitney-Wilcoxon tests result for averages of 
ERD of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 and AF8 between 1 and 2 back for 
participants with odd IDs or for participants with even IDs. 

Item N back N Mean SD Median W p-value 

Participants with odd IDs 

Theta_ERS_TP9 1 212 0.30323 1.2847503 0.1323712 18327 0.2173 

2 209 0.3680246 0.7989776 0.1879988 

Theta_ERS_AF7 1 235 0.9389747 2.900611 0.2421489 31353 0.8762 

2 269 1.0449826 3.789534 0.3425649 

Theta_ERS_AF8 1 245 102.0629 1544.21706 0.4588907 31602 0.8216 

2 255 1.3055 4.230229 0.4667469 

Theta_ERS_TP1
0 

1 221 0.1897853 0.3344857 0.1044634 21243 0.2025 

2 207 0.5102012 2.51266 0.1485906 

Alpha_ERD_TP
9 

1 200 -0.267234 0.5914831 -0.107095 23529 0.3703 

2 224 -0.440275 2.0528128 -0.1170357 
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Alpha_ERD_AF
7 

1 205 -0.496764 1.58487 -0.1204291 18984 0.04943** 

2 178 -7.723551 94.05072 -0.1487722 

Alpha_ERD_AF
8 

1 208 -1.007715 4.348071 -0.1588987 22263 0.7478 

2 218 -12.81448 171.404759 -0.1697925 

Alpha_ERD_TP
10 

1 202 -0.329159 1.4089904 -0.0852446 22266 0.6545 

2 215 -0.326043 0.6370102 -0.090881 

Beta_ERD_TP9 1 235 -0.09856 0.1358583 -0.0587692 29236 0.04013** 

2 224 -0.177647 0.4422584 -0.0689596 

Beta_ERD_AF7 1 214 -0.354677 2.012118 -0.0596737 25022 0.5851 

2 241 -0.522408 3.37384 -0.0623723 

Beta_ERD_AF8 1 232 -0.188586 0.4785197 -0.0605612 27189 0.9756 

2 234 -0.218892 0.5231266 -0.0638177 

Beta_ERD_TP10 1 144 -0.159914 0.2019778 -0.1003401 12530 0.3549 

2 164 -0.188463 0.2144669 -0.112429 

Participants with even IDs 

Theta_ERS_TP9 1 203 0.7267115 3.0728534 0.2058737 22409 0.635 

2 215 0.3570952 0.9521774 0.2070092 

Theta_ERS_AF7 1 207 2.092431 10.53884 0.3797607 20215 0.06364 

2 218 88.748129 1284.31664 0.446127 

Theta_ERS_AF8 1 218 430.17284 6313.57593 0.5205029 22310 0.3878 
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2 215 2.07263 9.106578 0.5570328 

Theta_ERS_TP1
0 

1 181 0.205518 0.2478966 0.1087915 17144 0.6329 

2 195 0.4535709 2.9268708 0.139756 

Alpha_ERD_TP
9 

1 207 -0.219456 0.6129585 -0.0447992 23792 0.07813 

2 209 -1.784515 23.0963839 -0.0894793 

Alpha_ERD_AF
7 

1 212 -0.477619 0.9876655 -0.1157107 25722 0.03417** 

2 217 -1.300573 11.009478 -0.2198281 

Alpha_ERD_AF
8 

1 214 -1.595542 9.147804 -0.2281079 23462 0.599 

2 213 -1.944891 7.977315 -0.2927309 

Alpha_ERD_TP
10 

1 180 -0.343423 0.8278181 -0.0548796 16041 0.8364 

2 176 -0.199292 0.3675521 -0.0702538 

Beta_ERD_TP9 1 189 -0.090296 0.1221247 -0.0507295 18776 0.0389** 

2 189 -0.103766 0.1410805 -0.0586935 

Beta_ERD_AF7 1 184 -0.499868 1.474853 -0.1110548 18053 0.9159 

2 195 -0.756923 3.732204 -0.095952 

Beta_ERD_AF8 1 199 -0.191316 0.2579096 -0.0963231 22832 0.143 

2 201 -0.372067 0.8722181 -0.1408498 

Beta_ERD_TP10 1 115 -0.12286 0.2570231 -0.0567922 5910 0.6309 

2 99 -0.105169 0.1480241 -0.0595967 
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It is not feasible to have a baseline for each stimulus in the scenarios of users experiencing an 
application on smartphones. Hence, to explore the feasibility of adopting a single baseline away 
with stimulus, we conducted Mann-Whitney-Wilcoxon tests for averages of ERD of 
Alpha_AF7_E_2 and Beta_TP9_E_2 between low cognitive workload (1 back) and high 
cognitive workload (2 back) for all participants, participants with odd IDs, and participants with 
even IDs, respectively.  The results are presented in Table 11.  
 
Table 11:  The descriptive statistics and Mann-Whitney-Wilcoxon tests result for averages of 
ERD of Alpha_AF7_E_2, Beta_TP9_E_2, and Gamma between 1 back and 2 back for all 
participants,  participants with odd IDs data and participants with even IDs data, respectively.  

 
ID  Item N back N Mean SD Median W p-value 

ALL Alpha_ERD
_AF7 

1 325 -0.707954 0.6306785 -0.548365 56233 0.2634 

2 364 -0.707059 0.7387755 -0.4852188 

Beta_ERD_
TP9 

1 179 -0.119261 0.1193088 -0.0843989 20950 0.1648 

2 205 -0.154169 0.1637146 -0.1034079 

ODD Alpha_ERD
_AF7 

1 171 -0.687364 0.5022082 -0.548365 15977 0.6007 

2 193 -0.691428 0.5917469 -0.548365 

Beta_ERD_
TP9 

1 100 -0.107982 0.1080587 -0.0760937 5075 0.4893 

2 96 -0.11233 0.1059346 -0.0859754 

EVEN Alpha_ERD
_AF7 

1 154 -0.730816 0.7490453 -0.5171974 12257 0.2822 

2 171 -0.724702 0.8771261 -0.4224886 

Beta_ERD_
TP9 

1 79 -0.133538 0.1315071 -0.0941615 5144 0.2287 

2 109 -0.191018 0.1944971 -0.1350073 

 
 
Order Effects 
 
The data analysis of the user performance indicates that there is an order effect. Therefore, we 
explored the order effect on the averages of ERD of Alpha, Beta, and ERS of Theta for 
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TP9,TP10, AF7 and AF8 by conducting Mann-Whitney-Wilcoxon tests between o_1 and e_2, 
between e_1 and o_2.  The results are included in Table 12. 
 
Table 12: The descriptive statistics and Mann-Whitney-Wilcoxon tests results for the averages of 
ERD of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 and AF8 between o_1 and e_2, 
between e_1 and o_2.* 

Item N 
 Back 

Order N Mean SD Median W p-value 

Theta_ERS
_TP9 

1 o_1 212 0.30323 1.28475 0.1323712 17283 0.5267 

e_2 203 0.7267115 3.072853 0.2058737 

2 e_1 215 0.3570952 0.9521774 0.2070092 21941 0.6767 

o_2 209 0.3680246 0.7989776 0.1879988 

Theta_ERS
_AF7 

1 o_1 235 0.9389747 2.900611 0.2421489 20531 0.004668** 

e_2 207 2.0924314 10.538837 0.3797607 

2 e_1 219 88.343811 1281.38155 0.4335599 23815 0.0002723*** 

o_2 269 1.044983 3.789534 0.3425649 

Theta_ERS
_AF8 

1 o_1 245 102.0629 1544.217 0.4588907 24183 0.07932 

e_2 218 430.1728 6313.576 0.5205029 

2 e_1 216 2.071425 9.085392 0.5586059 23368 0.004594** 

o_2 255 1.3055 4.230229 0.4667469 

Theta_ERS
_TP10 

1 o_1 221 0.1897853 0.3344857 0.1044634 18848 0.3203 

e_2 181 0.205518 0.2478966 0.1087915 

2 e_1 195 0.4535709 2.926871 0.139756 19884 0.798 

o_2 207 0.5102012 2.51266 0.1485906 

Alpha_ERD 1 o_1 200 -0.2672341 0.5914831 -0.107095 18304 0.04348** 
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_TP9 e_2 207 -0.219456 0.6129585 -0.0447992 

2 e_1 209 -1.7845155 23.096384 -0.0894793 21734 0.1984 

o_2 224 -0.4402747 2.052813 -0.1170358 

Alpha_ERD
_AF7 

1 o_1 205 -0.4967639 1.5848699 -0.1204291 22677 0.4417 

e_2 212 -0.4776189 0.9876655 -0.1157107 

2 e_1 217 -1.300573 11.00948 -0.2198281 21510 0.5171 

o_2 178 -7.723551 94.05072 -0.1487722 

Alpha_ERD
_AF8 

1 o_1 208 -1.007715 4.348071 -0.1588987 24238 0.1137 

e_2 214 -1.595542 9.147804 -0.2281079 

2 e_1 213 -1.944891 7.977315 -0.2927309 26310 0.1676 

o_2 218 -12.81448 171.404759 -0.1697925 

Alpha_ERD
_TP10 

1 o_1 202 -0.3291594 1.4089904 -0.0852446 17370 0.4524 

e_2 180 -0.3434232 0.8278181 -0.0548796 

2 e_1 176 -0.1992919 0.3675521 -0.0702538 17788 0.3088 

o_2 215 -0.3260431 0.6370102 -0.090881 

Beta_ERD_
TP9 

1 o_1 235 -0.0985596 0.1358583 -0.0587692 21889 0.7998 

e_2 189 -0.0902963 0.1221247 -0.0507295 

2 e_1 189 -0.1037659 0.1410805 -0.0586935 19427 0.1498 

o_2 224 -0.1776466 0.4422584 -0.0689596 

Beta_ERD_
AF7 

1 o_1 214 -0.3546768 2.012118 -0.0596737 24010 0.0001587*** 

e_2 184 -0.4998682 1.474853 -0.1110548 
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2 e_1 195 -0.7569234 3.732204 -0.095952 28714 0.00006678*** 

o_2 241 -0.5224076 3.37384 -0.0623723 

Beta_ERD_
AF8 

1 o_1 232 -0.1885863 0.4785197 -0.0605612 26463 0.008774** 

e_2 199 -0.1913157 0.2579096 -0.0963231 

2 e_1 201 -0.3720671 0.8722181 -0.1408498 29365 0.0000077*** 

o_2 234 -0.2188921 0.5231266 -0.0638177 

Beta_ERD_
TP10 

1 o_1 144 -0.1599144 0.2019778 -0.1003401 6575 0.004433** 

e_2 115 -0.1228598 0.2570231 -0.0567922 

2 e_1 99 -0.1051686 0.1480241 -0.0595967 6312 0.00252** 

o_2 164 -0.1884628 0.2144669 -0.112429 

* o_1 refers to the first back task in the odd ID condition, and e_2 refers to the second back task 
in the even ID condition. o_1 and e_2 are both 1 back task. e_1 refers to the first task in the even 
ID condition, and o_2 refers to the second task in the odd ID condition. 
 
 
Accurateness 
Following the findings of user performance data analysis, we also inspected whether there are 
statistically significant differences between accuracy 0 and 1 by conducting the Mann-Whitney-
Wilcoxon tests for the averages of ERD of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 
and AF8 computed with baseline near between accuracy 0 and accuracy 1. See Table 13 for the 
results. 
 
Table 13: The descriptive statistics and Mann-Whitney-Wilcoxon tests result in the averages of 
ERD of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 and AF8 computed with baseline 
near between accuracy 0 and accuracy 1. 

Item Accur
acy 

N Mean SD Median W p-value 

Theta_ERS
_TP9 

0 94 0.4070509 0.6376763 0.2415978 40518 0.1295 

1 745 0.4392443 1.8577573 0.1699844 

Theta_ERS 0 98 3.534816 18.4278 0.41114 44754 0.113 
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_AF7 1 832 23.961268 657.4301 0.3603874 

Theta_ERS
_AF8 

0 95 3.667661 15.97802 0.5891414 43844 0.1093 

1 839 142.09177 3323.75641 0.492697 

Theta_ERS
_TP10 

0 98 0.2134533 0.2320823 0.1182167 34242 0.8702 

1 706 0.3573383 2.0655667 0.1199538 

Alpha_ERD
_TP9 

0 95 -0.230617 0.38046 -0.0984466 36536 0.6064 

1 745 -0.7363099 12.28873 -0.0820553 

Alpha_ERD
_AF7 

0 85 -1.012832 4.469781 -0.2173226 27624 0.01096** 

1 727 -2.440189 46.90929 -0.1402429 

Alpha_ERD
_AF8 

0 98 -1.573766 4.447894 -0.407588 30888 0.007788** 

1 755 -4.774358 92.33623 -0.1800299 

Alpha_ERD
_TP10 

0 77 -0.4380352 0.9144071 -0.1141352 24576 0.2326 

1 696 -0.2870004 0.9052136 -0.076875 

Beta_ERD_
TP9 

0 84 -0.1047717 0.1328155 -0.0720839 31622 0.9989 

1 753 -0.1206259 0.2681375 -0.0587692 

Beta_ERD_
AF7 

0 82 -1.2698623 5.515707 -0.1232703 27089 0.07079 

1 752 -0.4484683 2.364075 -0.0800946 

Beta_ERD_
AF8 

0 93 -0.2944948 0.478669 -0.1221772 30111 0.01048** 

1 773 -0.2334309 0.5862048 -0.0888615 

Beta_ERD_
TP10 

0 46 -0.1772871 0.257736 -0.0604175 11627 0.4873 

1 476 -0.1477331 0.2078653 -0.0808004 

 
 



 

 

 
 

71 

We conducted Mann-Whitney-Wilcoxon tests for averages of ERD of Alpha AF8  and Beta AF8 
computed with baseline away between accuracy 0 and accuracy 1 for all participants. The results 
are in Table 14. 
 
Table 14: The descriptive statistics and Mann-Whitney-Wilcoxon tests result for averages of 
ERD of Alpha AF8 and Beta AF8 between accuracy 0 and accuracy 1 computed with baseline 
away for all participants. 

Item Accuracy N Mean SD Median W p-value 

Alpha_ERD_AF7 0 83 -0.72874 0.7128854 -0.548365 28258 0.06754 

1 606 -0.5522646 0.4587423 -0.4422214 

Alpha_ERD_AF8 0 77 -1.0737 3.222724 -0.2964996 22460 0.3586 

1 548 -0.4691172 1.262361 -0.2316996 

Beta_ERD_AF8 0 34 -0.8140239 1.089885 -0.531332 30111 0.02402** 

1 413 -0.6597132 1.220884 -0.2184773 

 

5.1.3.2 EEG Result Analysis 
 
The results analysis are presented for three sections: n back levels (1 back and 2 back), order 
effect (first order and second order of 1 back and 2 back), and accurateness (accuracy 0 and 1). 
 
 
N Back Levels 
Different cognitive workloads evoked associated human brain oscillatory responses (Krause et 
al., 2000; Pesonen et al., 2007) that made it possible to measure the corresponding cognitive 
workload levels.  
 
The results in Table 9 and Table 10 show that only Alpha ERD AF7 and Beta ERD TP9 among 
12 measures are sensitive to the different workloads of 1 back and 2 back conditions for all 
participants, participants with odd IDs, and participants with even IDs ( p < 0.05). The Alpha 
ERD AF7 and Beta ERD TP9 are significantly greater for the 2 back condition than the 1 back 
condition (Figure 14) ), indicating that Alpha and Beta increase as tasks demand more cognitive 
workload. This is in line with previous studies that found with inclining task demands, Alpha and 
Beta desynchronizes (increase) (P. Antonenko et al., 2010; P. D. Antonenko & Niederhauser, 
2010; Klimesch, 1999; Klimesch et al., 2005; Neubauer et al., 2006; Stipacek et al., 2003; Xiang 
et al., 2021). 
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Figure 14: Box plots with medians between 1 back and 2 back for Alpha ERD AF7 (a) , Beta ERD TP9 (b). 

 
 
 

 
 
Figure 15: EEG electrode positions in the 10-10 system using modified combinatorial nomenclature as presented by 
(Klem et al., 1999). The electrode sites are color-coded according to the lobes of the brain which their labels  
represent (F, C, P, O, and T). The head indicates the location of the fiducials: the nasion, the (left) preauricular point, 
and the inion. Adopted from https://en.wikipedia.org/wiki/10%E2%80%9320_system_(EEG)#/media/File:EEG_10-
10_system_with_additional_information.svg 
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Table 15: 12 measures of EEG Data ( 3 frequency * 4 electrodes). 

Frequency/ 
Electrode 

AF8 
 (left forehead) 

TP10 
 (behind left ear) 

AF8  
(right forehead) 

TP10 
 (behind right 
ear) 

Alpha Alpha ERD 
TP9 

Alpha 
ERDAF7** 

Alpha ERD  
AF8 

Alpha ERD  
TP10 

Beta Beta ERD 
TP9** 

Beta ERD AF7 Beta ERD AF8 Beta ERD TP10 

Theta Theta ERS TP9 Theta ERS AF7 Theta ERS AF8 Theta ERS TP10 

 
The insensitivity of the six measures in Columns AF8 and TP10 in Table 15 can be explained by 
the functions of the cerebral cortex.  
 
The TP10 electrode positions behind the right ear, which is the right temporal lobe, and the AF8 
electrode is on the right forehead, which is the right frontal lobe (Figure 15). The TP9 electrode 
positions behind the left ear, which is the left temporal lobe, and the AF7 electrode is on the left 
forehead, which is the left frontal lobe (Figure 15).  
 
The left temporal lobe is associated with understanding language, learning, memorizing, forming 
speech and remembering verbal information (Guy-Evans, 2021b). We used English letters as 
stimulus in the n back task and participants' primary language is Chinese, thus it makes sense 
that Beta ERD TP9 are found to have significant differences between 1 back and 2 back.  
 
The AF7 electrode is on the left side of the frontal lobe (Figure 15).The frontal lobe is located 
behind the forehead, at the front of the brain. Each lobe controls the operations on opposite sides 
of the body: the left hemisphere controls the right side of the body and vice versa (Guy-Evans, 
2021a).  It is believed the left frontal lobe works predominantly with language, logical thinking, 
and analytical reasoning. The right frontal lobe, on the other hand, is most associated with non-
verbal abilities, creativity, imagination, musical, and art skills (Guy-Evans, 2021a). 
 
The dominant hand of 29 participants was the right hand, and the remaining one was both hands. 
We observed all participants only used their right hands to make the choices. This explains that 
the Alpha ERD AF7 (left forehead) but not AF8 (right forehead) found to have significant 
differences between 1 back and 2 back. 
 
However, the other four measures of TP9 and AF7 (Table 15) shall be sensitive to the difference 
in cognitive workload as previous studies prove. 
 
Order Effects 
 
Results in Section 5.1.2.2 confirmed the order of 1 back and 2 back do have an impact on user 
performance (Table 6). Accordingly, we conducted Mann-Whitney-Wilcoxon tests between o_1 
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and e_2, between e_1 and o_2 on the averages of ERD of Alpha, Beta, and ERS of Theta for 
TP9, TP10, AF7 and AF8 (Table 12).  Theta ERS AF7, Beta ERD AF7, Beta ERD AF8, and 
Beta ERD TP10 have significant differences between o_1 and e_2 (1 back), and between e_1 and 
o_2 (2 back).  
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Figure 16:  Box plots with medians by order for Theta ERS AF7, Beta ERD AF7, Beta ERD AF8, and Beta ERD 
TP10. 

 
There are two contradictions in Figure 16. 
  
First, significantly greater magnitudes of Theta ERS AF7, Beta ERD AF7, and Beta ERD AF8 
were observed when the 1 back tasks were performed second (p < 0.05) (Figure 16: the left two 
boxplot of the first three rows). In opposition, the significantly greater magnitudes of Theta ERS 
AF7, Beta ERD AF7, and Beta ERD AF8 were observed when the 2 back tasks were performed 
first (p < 0.05) (Figure 16: the right two boxplot of the first three rows).  
 
The first contradiction may be caused by the fact that the order effect consists of fatigue effect 
and expert effect (practice). The fatigue effect was dominant in the 1 back condition with a lower 
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cognitive workload demanding, while the expert effect had a commanding influence in the 2 
back condition with a higher cognitive workload demanding.  
 
The second contradiction is that, the significantly smaller magnitudes of Beta ERD TP10 were 
found when the 1 back task was completed second (p < 0.05)  (Figure 16: the left two boxplot of  
the fourth row), and the significantly smaller magnitudes of Beta ERD TP10 were found when 
the 2 back task was completed first (p < 0.05) (Figure 16: the right two boxplot of  the fourth 
row). This contradiction may result from the varied functions of the left and right temporal lobe. 
 
As Figure 15 shows, the TP10 electrode places on the right temporal lobe. The temporal lobes 
are involved in the primary organization of sensory input and highly associated with memory 
skills (Read, 1981). Left temporal lesions result in impaired memory for verbal material. Right 
side lesions result in recall of non-verbal material, such as music and drawings. The 
contradiction indicates that participants recognized and stored the stimulus information as verbal 
material (letters) instead of non-verbal material (drawings shaped like letters). 
 
Accurateness 
 
Following the findings of user performance data analysis, we also inspected whether there were 
statistically significant differences between accuracy 0 and 1 by conducting the Mann-Whitney-
Wilcoxon tests for the averages of ERD of Alpha, Beta, and ERS of Theta for TP9,TP10, AF7 
and AF8 between accuracy 0 and accuracy 1 (Table 13 ).  
 
The magnitudes of Alpha ERD AF7, Alpha ERD AF8, and Beta ERD AF8 were significantly 
higher in accuracy 0 condition than in accuracy 1 condition (p < 0.05). One possible explanation 
is the nature of the n back task, which is certainty of the right choices and uncertainty of the 
wrong choices. No previous studies were discovered  to compare wrong and right answers in the 
n back task. 
 
The exploration of adopting a single baseline away with stimulus (Table 14) showed statistically 
significant differences for averages of Beta ERD AF8 between accuracy 0 and accuracy 1 for all 
participants (p < 0.05).  
 

5.1.3.3  EEG Data Discussion 
In summary, Muse 2 outputs good signals but may not be readily useful in UI usability studies 
for an entire and consecutive user experience as the result of the difficulty in selecting sensible 
baseline due to two rationales.  
 
First rationale is only Alpha ERD AF7 and Beta ERD TP9 out of six measures (Theta ERS AF7, 
Alpha ERD AF7, Beta ERD AF7, Theta ERS TP9, Alpha ERD TP9, Beta ERD TP9) shows 
sensitivity to the difference cognitive workload between 1 back and 2 back. It is not consistent 
with previous studies (P. D. Antonenko & Niederhauser, 2010, 2010; Klimesch, 1999; Klimesch 
et al., 2005; Neubauer et al., 2006; Stipacek et al., 2003; Xiang et al., 2021). 
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The second is that it is not feasible to have a baseline for each stimulus in the scenarios of users 
experiencing any applications on smartphones. The exploration of adopting a single baseline 
away with stimulus (Table 11) showed no statistically significant differences for averages of 
ERD of Alpha AF7 and Beta TP9 between low cognitive workload (1 back) and high cognitive 
workload (2 back) for all participants, participants with odd IDs, and participants with even IDs, 
respectively.  
 
Yet, Muse 2 does show some promise for detecting cognitive workload elicited by 
isolated/independent elements in UI interface design. But selective signals may be combined 
with eye tracking data to detect UI issues that invoke user errors 
 

5.1.4 Eye Movement Data 
Is the eye movements data by Tobii Pro Nano valid, reliable, and feasible as an assessment tool 
for real-time cognitive workload? Are measures (pupil dilation, Saccade duration and saccade 
number, Fixation duration and fixation number) sensitive to the different n back tasks’ cognitive 
workload in real-time when the n back tasks are completed on a smartphone? 
 

5.1.4.1 Eye Movement Data Processing and Analysis 
During the experiment, participants completed N-back tasks on a smartphone attached to the 
Tobii Pro Testing Accessory with the Tobii Pro Nano mounted on the top (Figure 10).  Eye 
movement data was collected by the Tobii Pro Nano via the Tobii Pro Lab software (version 
1.162.32461), Recording Resolution : 1080* 1920. All rows in a Data Export file (Table 2 in 
Appendix E) have a Recording Timestamp value (except the first row, which contains the 
column data type name). The timestamp starts at zero at the beginning of each recording. We 
downloaded data as one xlsx file from the Tobii Pro Lab using the recording fixation filter name 
Tobii I-VT and set fixation and recording timestamp in the eye tracker clock format as 
milliseconds.  
 
Similar to EEG data, the recorded eye movement data were processed using Excel and R through 
several steps to get averaged pupil dilation left, averaged pupil dilation right, averaged fixation 
duration, averaged fixation number in second, averaged saccade duration, averaged saccade 
number in second, maximums of pupil dilation left, maximums of pupil dilation right, 
maximums of fixation duration, and maximums of saccade duration. 
 
A Non-parametric test was selected for non-normal data. See Appendix F for data processing and 
analysis detailed steps.  

5.1.4.2  Eye Movement Data Results 
The Tobii Pro Nano was extremely sensitive to angle changes between participant’ eyes and the 
device. We failed to capture any useful data from this participant. Based on the experience we 
had from pilots, we had a higher chair for the participants to improve capture rate and adjusted 
the Tobii Pro Nano angle accordingly to each participant. Despite the higher chair we employed 
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and the active adjustments of Tobii Pro Testing Accessory, the capture rate varied across 
participants. 
 
Averaged cognitive workload is quantified by the averaged pupil dilation left and the averaged 
pupil dilation right, the averaged fixation duration and the averaged fixation number, and the 
averaged saccade duration and the averaged saccade number. The maximum pupil dilation left 
and the maximum pupil dilation right were adopted as the representative of the peak cognitive 
workload during the intervals starting from the appearance of each letter to the time point that 
choices were made. 
 
The results are presented for three sections: n back levels (1 back and 2 back), order effect (first 
order and second order of 1 back and 2 back), and accurateness (accuracy 0 and 1). 
 
N Back Levels 

Averages of Pupil Dilation 
 
To examine whether statistically significant differences for averaged pupil dilation changes 
between low and high cognitive workload condition, we conducted Mann-Whitney-Wilcoxon 
test for averaged pupil dilation left, averaged pupil dilation right, between low cognitive 
workload (1 back) and high cognitive workload (2 back) for all selected participants. The results 
are presented in Table 16. 
 
Table 16: The descriptive statistics and Mann-Whitney-Wilcoxon tests result for the averaged 
pupil dilation left, and the averaged pupil dilation right, between 1 and 2 back for all selected 
participants. 

Measure 
[mm] 

N 
back 
 

n Mean SD Median w p-value 

Averaged 
pupil 
dilation left 

1 245 0.0776042 0.3685327 0.1129762 24874 0.0006402*
** 

2 247 0.2135481 0.3894946 0.1967991 

Averaged 
pupil 
dilation 
right 

1 255 0.1306679 0.4081041 0.1599511 29682 0.005187** 

2 271 0.2631821 0.4403823 0.2407292 

 
To explore the differences between 1 back and 2 back without the order effect,  I separated 
participants into two groups: odd IDs and even IDs, I conducted Mann-Whitney-Wilcoxon test 
for averaged pupil dilation left_baseline, averaged pupil dilation right_baseline between 1 back 
and 2 back for participants with odd IDs, and for participants with even IDs, respectively.  Table 
17 contains the results. 
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Table 17: The descriptive statistics and Mann-Whitney-Wilcoxon test results for the averaged 
pupil dilation left_baseline and the averaged pupil dilation right_baseline between 1 and 2 back 
for participants with odd IDs, for participants with even IDs. 

ID  Measure 
[mm] 

N 
back 

n Mean SD Median w p-value 

Participa
nts with 
odd IDs 

Averaged 
pupil dilation 
left  

1 107 0.072138 0.4235819 0.1225709 4409 0.001418*
* 

2 110 0.3090702 0.4801866 0.2480227 

Averaged 
pupil dilation 
right 

1 114 0.1766072 0.4249844 0.1776971 5904.5 0.0105** 

2 128 0.372904 0.5164687 0.2986091 

Participa
nts with 
even IDs 

Averaged 
pupil dilation 
left  

1 138 0.0818426 0.3209796 0.1114027 8314 0.008426*
* 

2 137 0.1368516 0.2762269 0.1791772 

Averaged 
pupil dilation 
right 

1 141 0.0935256 0.3915099 0.1503798 9019 0.01249** 

2 143 0.1649695 0.3310951 0.1709241 

 

Averages of Fixation Duration and Number in Second 
 
Eye fixation refers to a focused state when eyes dwell voluntarily over a period of time and is the 
most common type of eye-tracking event (Zagermann et al., 2016). In this dissertation, the 
averaged fixation duration and the fixation number in second were adopted as the representative 
of the averaged cognitive workload during the intervals starting from the appearance of each 
letter to the time point that choices were made. 
 
To examine whether statistically significant differences for averaged fixation duration and 
fixation number in second between low and high cognitive workload conditions were observed, 
we conducted Mann-Whitney-Wilcoxon tests between low cognitive workload (1 back) and high 
cognitive workload (2 back). The results are presented in Table 18. 
 
Table 18: The descriptive statistics and Mann-Whitney-Wilcoxon tests result for the averaged 
fixation duration and the averaged fixation number in second between 1 and 2 back. 

 



 

 

 
 

80 

Measure Condition N Mean SD Median w p-value 

Averaged Fixation  Duration 
[ms] 

N  
Back 

1 247 224.4167 186.5857 166.7222 30689 0.6749 

2 254 217.8477 167.6373 166.4935 

Fixation Number/RT 
[s] 

1 247 25.89081 15.4502 22.97702 33166 0.02676
** 

2 254 24.25003 14.94318 22.54331 

 
 
To explore the differences between 1 back and 2 back without the order effect, I separated 
participants into two groups: odd IDs and even IDs, I conducted Mann-Whitney-Wilcoxon test 
for the averaged fixation duration and the averaged fixation number in second between 1 back 
and 2 back for participants with odd IDs, and for participants with even IDs, respectively. Table 
19 contains the results. 
 
Table 19: The descriptive statistics and Mann-Whitney-Wilcoxon tests result for the averaged 
fixation duration and the averaged fixation number in second between 1 back and 2 back for 
participants with odd IDs, for participants with even IDs. 

ID  Measure N back N Mean SD Median w p-value 

Participa
nts with 
odd IDs 

Averaged Fixation 
Duration 
[ms] 

1 110 212.5019 134.8908 180 7044.5 0.2181 

2 117 185.9392 114.449 153.6667 

Fixation number in 
second 

1 110 24.63669 13.53937 22.09785 7667 0.01276*
* 

2 117 20.11557 12.59228 17.37089 

Participa
nts with 
even IDs 

Averaged Fixation 
Duration 
[ms] 

1 137 233.9833 219.5053 154.5333 8332.5 0.1089 

2 137 245.0981 198.7014 184.9219 

Fixation number in 
second 

1 137 27.78091 15.90251 29.10267 9046 0.04063* 

2 137 26.89778 16.80973 23.90131 

 

Averages of Saccade Duration and number in Second 
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Saccades are rapid and ballistic movements of eyes that change the fixations abruptly (Purves et 
al., 2001). In this research,  the averaged saccade duration and the averaged saccade number in 
second were adopted as the representative of the averaged cognitive workload during the 
intervals starting from the appearance of each letter to the time point that choices were made. 
 
To examine whether statistically significant differences for the averaged saccade duration and 
the averaged saccade number in second between low and high cognitive workload conditions, we 
conducted Mann-Whitney-Wilcoxon tests between low cognitive workload (1 back) and high 
cognitive workload (2 back) for all selected participants. The results are presented in Table 20. 
 
Table 20: The descriptive statistics and Mann-Whitney-Wilcoxon tests results for the averaged 
saccade duration and the averaged saccade number in second between 1 and 2 back for all 
selected participants. 

Measure Condition n Mean SD Median w p-value 

Averaged 
Saccade 
Duration[ms] 

N back 1 267 27.14384 10.29906 25 37158 0.9221 

2 277 27.43823 13.47225 25 

Saccade  
number in 
second 

1 267 11.416636 6.600944 10.673235 41258 0.0196** 

2 277 9.862231 5.004347 9.687836 

 
To explore the differences between 1 back and 2 back without the order effect,  I separated 
participants into two groups: odd IDs and even IDs, we conducted Mann-Whitney-Wilcoxon test 
for the averaged saccade duration and the averaged saccade number in second between 1 and 2 
back for participants with odd IDs, and for participants with even IDs, respectively. Table 21 
includes the results. 
 

Table 21: The descriptive statistics and Mann-Whitney-Wilcoxon tests results for the averaged 
saccade duration and the averaged saccade number in second between 1 and 2 back for 
participants with odd IDs, for participants with even IDs. 

ID  Measure N back n Mean SD Median w p-value 

Participant
s with odd 
IDs 

Averaged 
Saccade 
Duration[
ms] 

1 118 29.05139 10.42439 28.18333 7833.5 0.7722 

2 130 29.95274 16.58104 27.19396 

Saccade 
number in 

1 118 11.22165
9 

5.984133 10.66206
1 

8570.5 0.01107*
* 
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second 2 130 9.947907 5.092758 9.729912 

Participant
s with 
even IDs 

Averaged 
Saccade 
Duration[
ms] 

1 149 25.63317 9.976745 23.4 11172 0.7588 

2 147 25.21451 9.464963 22.33333 

Saccade 
number in 
second 

1 149 11.57104
8 

7.067477 10.69958
8 

12230 0.00826*
* 

2 147 9.786462 4.941047 9.666667 

 

Maximums of Pupil dilation  
 
To examine whether statistically significant differences for maximums of  pupil dilation changes 
between low and high cognitive workload condition, we conducted Mann-Whitney-Wilcoxon 
test for maximums of pupil dilation left and of pupil dilation right, between low cognitive 
workload (1 back) and high cognitive workload (2 back) for all selected participants. The results 
are presented in Table 22. 
 
 
Table 22: The descriptive statistics and Mann-Whitney-Wilcoxon test results for the maximum 
pupil dilation left and the maximum pupil dilation right between 1 and 2 back for all selected 
participants. 

Measure [mm] N 
Back 
 

n Mean SD Median w p-value 

maximums of 
pupil dilation  
left 

1 299 -0.5025064 1.676639 0.1764088 26852 0.03083** 

2 300 -0.3933013 1.735202 0.2990345 

maximums of 
pupil dilation  
right 

1 300 -0.30043015 1.54833 0.2411331 37104 0.0001998*
** 

2 300 0.04463652 1.391381 0.397199 

 
To explore the differences between 1 back and 2 back without the order effect,  we separated 
participants into two groups: odd IDs and even IDs. We conducted Mann-Whitney-Wilcoxon test 
for maximum of pupil dilation left, maximum of pupil dilation right between 1 back and 2 back 
for participants with odd IDs, and for participants with even IDs, respectively.  Table 23 includes 
the results. 
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Table 23: The descriptive statistics and Mann-Whitney-Wilcoxon test results for the maximums 
of pupil dilation left_baseline and the maximums of  pupil dilation right_baseline between 1 and 
2 back for participants with odd IDs, for participants with even IDs. 

ID  Measure [mm] N 
back 

n Mean SD Median w p-value 

Participa
nts with 
odd IDs 

maximums of 
pupil dilation  
left 

1 140 -0.7304574 1.811397 0.1318889 4252 0.0004145
*** 

2 140 -0.4723145 1.880919 0.2676044 

maximums of 
pupil dilation  
right 

1 140 -0.377322 1.670296 0.2496961 7394.
5 

0.0003844
*** 

2 140 0.227178 1.324599 0.4782292 

Participa
nts with 
even IDs 

maximums of 
pupil dilation  
left 

1 159 -0.3017949 1.526044 0.2417262 8808 0.03287** 

2 160 -0.3241647 1.599658 0.3025 

maximums of 
pupil dilation  
right 

1 160 -0.2331498 1.43508 0.2325701 11254 0.066179*
* 

2 160 -0.1150873 1.432365 0.3150829 

 

Maximums of Fixation Duration  
 
In this research, the maximums of fixation duration were adopted as the representative of the 
peak cognitive workload during the intervals starting from the appearance of each letter to the 
time point that choices were made. 
 
To examine whether statistically significant differences exist for the maximums of fixation 
duration between low and high cognitive workload conditions, we conducted Mann-Whitney-
Wilcoxon tests between low cognitive workload (1 back) and high cognitive workload (2 
back)for all selected participants. The results are presented in Table 24. 
 
 
Table 24: The descriptive statistics and Mann-Whitney-Wilcoxon test results for the maximums 
of fixation duration between 1 and 2 back for all selected participants. 
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Measure N  
Back 

n Mean SD Median w p-value 

Maximum of 
Fixation Duration 
[ms] 

1 247 290.8664 226.5789 217 30234 0.3964 

2 256 309.6367 247.3612 217 

 
To explore the differences between 1 back and 2 back without the order effect,  I separated 
participants into two groups: odd IDs and even IDs, I conducted Mann-Whitney-Wilcoxon test 
for the maximums of fixation duration between 1 and 2 back  for participants with odd IDs, and 
for participants with even IDs, respectively. The results are shown in  Table 25. 
 
 
Table 25: The descriptive statistics and Mann-Whitney-Wilcoxon test result for the maximums 
of fixation duration between 1 and 2 back for participants with odd IDs, for participants with 
even IDs. 

ID  Measure N 
back 

n Mean SD Median w p-value 

Participan
ts with 
odd IDs 

Maximum 
of Fixation 
Duration 
[ms] 

1 110 277.6727 169.2887 233 7075 0.1954 

2 117 256.2479 178.6452 200 

Participan
ts with 
even IDs 

Maximum 
of Fixation 
Duration 
[ms] 

1 137 301.4599 263.891 200 8127 0.03535** 

2 139 354.5755 285.9841 266 

 

Maximums of Saccade Duration  
 
In this research,  the maximum saccade duration was adopted as the representative of the peak 
cognitive workload during the intervals starting from the appearance of each letter to the time 
point that choices were made. 
 
To examine whether statistically significant differences exist for the maximums of saccade 
duration  between low and high cognitive workload conditions, we conducted Mann-Whitney-
Wilcoxon tests for it  between low cognitive workload (1 back) and high cognitive workload (2 
back)  for all selected participants. The results are presented in Table 26. 
   
 
Table 26: The descriptive statistics and Mann-Whitney-Wilcoxon tests results for the maximum 
of saccade duration between 1 and 2 back and accuracy 1 for all selected participants. 
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Measure N back n Mean SD Median w p-value 

Maximum of 
Saccade 
Duration[ms] 

1 267 42.42697 23.30892 33 36237 0.5242 

2 280 43.71071 24.47466 33 

 
 
To explore the differences between 1 back and 2 back without the order effect,  I separated 
participants into two groups: odd IDs and even IDs, I conducted Mann-Whitney-Wilcoxon test 
for the maximum of saccade duration between 1 back and 2 back for participants with odd IDs, 
and for participants with even IDs, respectively. The results are included in the Table 27  
  
Table 27: The descriptive statistics and Mann-Whitney-Wilcoxon tests results for the maximums 
of saccade duration between 1 back and 2 back for participants with odd IDs, for participants 
with even IDs. 

ID  Measure N back n Mean SD Median w p-value 

Participant
s with odd 
IDs 

Maximum of 
Saccade 
Duration[ms] 

1 118 46.75424 23.06695 50 7447.5 0.6834 

2 130 48.19231 25.04356 50 

Participant
s with 
even IDs 

Maximum of 
Saccade 
Duration[ms] 

1 149 39 23.00206 33 10988 0.7963 

2 150 39.82667 23.36513 33 

 
 

Order Effects 
To assess the order effect, we conducted the Mann-Whitney-Wilcoxon test for the averaged pupil 
dilation left and the averaged pupil dilation right; the averaged fixation duration and the averaged 
fixation number in second; the averaged saccade duration and the averaged saccade number in 
second;  maximums of pupil dilation left, maximums of pupil dilation right;  maximums of 
fixation duration; and maximums of saccade duration between o_1 and e_2, and between e_1 
and o_2 for all selected participants.  
 
The results are included in Table 28. 
 
 
Table 28: The descriptive statistics and Mann-Whitney-Wilcoxon test results for the averaged 
pupil dilation left and the averaged pupil dilation right;  the averaged fixation duration and the 
averaged fixation number in second; the averaged saccade duration and the averaged saccade 
number in second; maximums of pupil dilation left, maximums of pupil dilation right; 
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maximums of fixation duration; and maximums of saccade duration between e_2 and o_1, and 
between e_1 and o_2 for all selected participants. 
 
Measure N back Order N Mean SD Median w p-value 

Averaged pupil 
dilation left [mm] 

1 Back 
 

o_1 107 0.07213796 0.4235819 0.1225709 7520 0.8041 

e_2 138 0.08184255 0.3209796 0.1114027 

Averaged pupil 
dilation right 
[mm] 

o_1 114 0.17660716 0.4249844 0.1776971 7380 0.2622 

e_2 141 0.09352559 0.3915099 0.1503798 

Averaged fixation 
duration [ms] 

o_1 110 212.5019 134.8908 180 7325 0.7073 

e_2 137 233.9833 219.5053 154.5333 

Fixation number 
in second 

o_1 110 24.63669 13.53937 22.09785 7957 0.4501 

e_2 137 26.89778 16.80973 23.9013 

Averaged saccade 
duration[ms] 

o_1 118 29.05139 10.424391 28.18333 6762.
5 

0.001059
** 

e_2 149 25.63317 9.976745 23.4 

Saccade number 
in second 

o_1 118 11.22166 5.984133 10.66206 8786 0.9943 

e_2 149 11.57105 7.067477 10.69959 

Maximums of 
pupil diameter left  
[mm] 

o_1 140 -0.7304574 1.811397 0.1318889 10848 3.031E-
10*** 

e_2 159 -0.3017949 1.526044 0.2417262 

Maximums of 
pupil dilation right  
[mm] 

o_1 140 -0.377322 1.670296 0.2496961 10677 0.4857 

e_2 160 -0.2331498 1.43508 0.2325701 

Maximums of 
fixation duration 
[ms] 

o_1 110 277.6727 169.2887 233 7205 0.5545 

e_2 137 301.4599 263.891 200 
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Maximum of 
saccade 
duration[ms] 

o_1 118 46.75424 23.06695 50 6946.
5 

0.002428
** 

e_2 149 39 23.00206 33 

Averaged pupil 
dilation left  [mm] 

2 
Back 
 

e_1 137 0.1368516 0.2762269 0.1791772 6216 0.01815*
* 

o_2 140 0.3090702 0.4801866 0.2480227 

Averaged pupil 
dilation right  
[mm] 

e_1 143 0.1649695 0.3310951 0.1709241 7485 0.009675
** 

o_2 128 0.372904 0.5164687 0.2986091 

Averaged fixation 
duration [ms] 

e_1 137 245.0981 198.7014 184.9219 9516 0.01011*
* 

o_2 117 185.9392 114.449 153.6667 

Fixation number 
in second 

e_1 137 27.78091 15.90251 29.10267 9284 0.000084
73*** 

o_2 117 20.11557 12.59228 17.37089 

Averaged saccade 
duration[ms] 

e_1 147 25.21451 9.464963 22.33333 7087.
5 

0.000185
4*** 

o_2 130 29.95274 16.58104 27.19396 

Saccade number 
in second 

e_1 147 9.786462 4.941047 9.666667 9388.
5 

0.803 

o_2 130 9.947907 5.092758 9.729912 

Maximums of 
pupil diameter left  
[mm] 

e_1 160 -0.3241647 1.599658 0.3025 10334 5.285E-
07*** 

o_2 140 -0.4723145 1.880919 0.2676044 

Maximums of 
pupil dilation right  
[mm] 

e_1 160 -0.1150873 1.432365 0.3150829 8770 0.00119*
* 

o_2 140 0.227178 1.324599 0.4782292 

Maximums of 
Fixation duration 
[ms] 

e_1 139 354.5755 285.9841 266 9762.
5 

0.005689
** 

o_2 117 256.2479 178.6452 200 
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Maximum of 
saccade 
duration[ms] 

e_1 150 39.82667 23.36513 33 7537 0.000746
7*** 

o_2 130 48.19231 25.04356 50 

 

Accurateness 
 
To test for statistically significant differences between correct and incorrect answers, we 
conducted Mann-Whitney-Wilcoxon test for the averaged pupil dilation left and the averaged 
pupil dilation right; the averaged fixation duration and the averaged fixation number in second; 
the averaged saccade duration and the averaged saccade number in second; maximums of pupil 
dilation left,  maximums of pupil dilation right; the maximums of fixation duration; and 
maximums of saccade duration; between accuracy 0 and accuracy 1 for all selected participants. 
The results are presented in Table 29. 
 
 
Table 29: The descriptive statistics and Mann-Whitney-Wilcoxon test results for the averaged 
pupil dilation left and the averaged pupil dilation right,  the averaged fixation duration and the 
averaged fixation number in second, the averaged saccade duration and the averaged saccade 
number in second,  maximums of pupil dilation left,  maximums of pupil dilation right, 
maximums of fixation duration, and maximums of saccade duration between accuracy 0 and 
accuracy 1 for all selected participants. 
 
Measure Accurac

y 
n Mean SD Median w p-value 

Averaged pupil 
dilation left [mm] 

0 51 0.1427281 0.4104704 0.1608052 11410 0.8645 

1 441 0.1462138 0.382299 0.1531019 

Averaged pupil 
dilation right [mm] 

0 64 0.2314239 0.4068803 0.1958771 15438 0.5663 

1 462 0.1944406 0.4330858 0.2020998 

Averaged Fixation 
Duration 
[ms] 

0 52 172.2284 111.8727 140.6242 9401.5 0.0215** 

1 449 226.7447 182.3873 169 

Fixation number in 0 52 20.65501 14.31023 15.72408 11268 0.02302** 
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second 1 449 25.56899 15.23512 23.2342 

Averaged Saccade 
Duration[ms] 

0 60 24.93238 7.904591 23.97778 12912 0.1576 

1 484 27.58647 12.399368 25 

Saccade  
Number in second 

0 60 9.613606 5.648235 9.817757 15469 0.2158 

1 484 10.750544 5.911618 10.149852 

maximums of pupil 
dilation left [mm] 

0 81 -1.2784835 2.122995 -0.0084831 9769.5 0.1248 

1 518 -0.3179202 1.594579 0.26379747 

maximums of pupil 
dilation right [mm] 

0 81 -0.4542253 1.830231 0.2952101 19988 0.4774 

1 519 -0.076967 1.41391 0.331989 

Maximum of 
Fixation Duration 
[ms] 

0 53 252.9245 216.3548 183 9872.5 0.04017** 

1 450 306.0133 239.285 233 

Maximum of 
Saccade 
Duration[ms] 

0 63 40.8254 21.2478 33 14662 0.6106 

1 484 43.3781 24.22778 33 

 

5.1.4.3 Eye Movement Results Analysis  
  
Overall, the eye movement data collected by the Tobii Pro Nano is valid and reliable.  Some 
measures (pupil dilation, saccade number in second, fixation number in second) are sensitive to 
the difference of average cognitive workload and peak cognitive workload introduced by the 1 or 
2 back tasks. 
 
N Back Levels 
The averages of Pupil dilations of both eyes have been proven to be reactive to the differences of 
average cognitive workload between 1 back and 2 back tasks consistently. As Table 16 reveals, 
there are statistically significant differences between 1 back and 2 back for the averages of pupil 
dilation of both eyes (p <0.05). The medians of the averages of pupil dilation of both eyes is 
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larger in 2 back than in 1 back for both eyes. After factoring out the order effect, statistically 
significant differences are still observed between 1 back and 2 back for the averages of pupil 
dilation of both eyes (p <0.05) (Table 17). The median of averages of pupil dilations of both eyes 
remain greater in the 2 back tasks and in 1 back task, so that the bigger average of pupil dilations 
means higher averaged cognitive workload. This finding is in line with earlier studies  
(Chen et al., 2011; Granholm et al., 1996; Klingner et al., 2008; Pomplun & Sunkara, 2003; 
Porta et al., 2012; Rafiqi et al., 2015). 
 
The same pattern is discovered in the maximums of pupil dilation. There are statistically 
significant differences between 1 back and 2 back for maximums of pupil dilation of both eyes (p 
<0.05 or < 0.001) (Table 22), and after the order effect is factored out, statistically significant 
differences are still observed between 1 back and 2 back for maximums of pupil dilation of both 
eyes (p <0.05 or < 0.001) (Table 23). The medians of the maximum pupil dilation of both eyes 
are larger in 2 back than in 1 back for both eyes, which indicates the larger maximum of pupil 
dilations mean higher peak cognitive workload. 
 
Table 30 below details the differences of medians for all participants, participants with odd IDs, 
and participants with even IDs. As a result of the order effect, differences for participants with 
even IDs are smaller than for participants with odd IDs. 
 
Table 30: The means of averages and maximums of pupil dilation of both eyes (unit: mm) 
between 1 back and 2 back for different sections of participants. 

Participant Pupil dilation  [mm] N 
back 

Median Difference 
(2-1) 

All participants Averages of Pupil dilation left 1 
2 

0.1130 
0.1968 

0.0838*** 

Averages of Pupil dilation right 1 
2 

0.1600 
0.2407 

0.807** 

Maximums of Pupil dilation left 1 
2 

0.1764 
0.2990 

0.1226** 

Maximums of Pupil dilation right 1 
2 

0.2411 
0.3972 

0.1561*** 

Participants 
with odd IDs 

Averages of Pupil dilation left 1 
2 

0.1226 
0.2480 

0.1254** 
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  Averages of Pupil dilation right 1 
2 

0.1777 
0.2986 

0.1209** 

Maximums of Pupil dilation left 1 
2 

0.1319 
0.2676 

0.1357*** 

Maximums of Pupil dilation right 1 
2 

0.2497 
0.4782 

0.2285*** 

Participants 
with even IDs 
  

Averages of Pupil dilation left 1 
2 

0.1114 
0.1792 

0.0678** 

Averages of Pupil dilation right 1 
2 

0.1504 
0.1709 

0.0205** 

Maximums of Pupil dilation left 1 
2 

0.2417 
0.3025 

0.0608** 

Maximums of Pupil dilation right 1 
2 

0.2326 
0.3151 

0.0825* 

 
 
Table 31: The medians of fixation number in second and saccade number in second between 1 
back and 2 back for different sections of participants. 

Participant Measures N back Median Difference (2-1) 

All participants Fixation 
number/RT[s] 
  

1 
2 

22.98 
22.54 

-0.44** 

Saccade 
number/RT[s] 
  

1 
2 

10.67 
9.69 

-0.98** 

Participants with odd IDs 
  

Fixation 
number/RT[s] 
  

1 
2 

22.10 
17.37 

-4.73** 

Saccade 
number/RT[s] 
  

1 
2 

10.67 
9.73 

-0.94** 
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Participants with even IDs 
  

Fixation 
number/RT[s] 

1 
2 

29.10 
23.90 

-5.2* 

Saccade 
number/RT[s] 

1 
2 

10.70 
9.67 

-1.03** 

  
As for fixation and saccade, statistically significant differences were observed between 1 and 2 
back in the fixation number in second and saccade number in second (Table 31).  Irreconcilable 
with the previous findings is that the correlation between the number of fixation and cognitive 
workload is negative. The previous studies conclude an upswing number of fixations correlates 
with an increased cognitive load level (Chen et al., 2011; J. Goldberg & Helfman, 2010; Wang et 
al., 2014; Zagermann et al., 2018). And the higher number of saccade in second ( saccade 
velocity) is also related to lower cognitive workload, opposing to the previous research (Chen et 
al., 2011; Lallé et al., 2016; Manuel et al., 2004; Zagermann et al., 2018). 
 
 
Order Effects 
 
Manuel et al. (2004) have observed that a decline in saccade velocity indicates fatigue. Similarly, 
when the 2 back was conducted second (o_2), the median of fixation number in second dropped 
compared with when it was done first (e_1) (Table 28).  This phenomenon is not noticed in the 1 
back task. Saccade duration is observed to decline with fatigue for 1 back and 2 back (Table 28). 
 
 
As Table 28 shows, pupil dilation is not a stable measure for the order effect of 1 back and 2 
back tasks with inconsistent results. Table 32 details the inconsistency. 
  
Table 32: The medians of averages and maximums of pupil dilation of both eyes (unit: mm) 
between n back task completion orders. 

Measure [mm] N back Order Median Difference (2-1) 

Averaged pupil dilation left 1  
Back 

o_1 
e_2 

0.1226 
0.1114 

-0.0086 

Averaged pupil dilation right o_1 
e_2 

0.1504 
0.1792 

0.0288 

Maximums of pupil dilation left 
  

o_1 
e_2 

0.1312 
0.2417 

0.1105*** 
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Maximums of pupil dilation right 
  

o_1 
e_2 

0.2497 
0.2326 

-0.0171 

Averaged pupil dilation left 2  
Back 

e_1 
o_2 

0.1792 
0.2480 

0.0688** 

Averaged pupil dilation right e_1 
o_2 

0.1708 
0.2986 

0.1278** 

Maximums of pupil dilation left 
  

e_1 
o_2 

0.3025 
0.2676 

-0.0349*** 

Maximums of pupil dilation right 
  

e_1 
o_2 

0.3151 
0.4882 

0.1731** 

  
  

Accurateness 
As seen in Table 29, averaged fixation duration, fixation number in second , and maximums of 
fixation duration have significant differences between wrong condition and right condition (p < 
0.05). Longer fixation duration and more fixation number in second were observed in the right 
condition. Further research is needed to understand the mechanisms behind the wrong responses.  
 
Altogether, it can be concluded that it is feasible to assess cognitive workload in a smartphone 
setting via Tobii Pro Nano, and peak pupil dilation can be the indicator of peak cognitive 
workload for experiment two.  

5.1.4.4 Eye Movement Data Discussion 
 
The average pupil dilation and the maximum pupil dilation have been ratified as the effective 
measure of cognitive workload difference in a smartphone setting, and they enlarge along with 
the difficulty levels of n back task rising.  
 
One incongruent finding  is that the fixation velocity and saccade velocity declines with the 
increment of cognitive workload while the previous studies found an upswing number of 
fixations correlates with an increased cognitive load level (Alonso Dos Santos & Calabuig 
Moreno, 2018; Chen et al., 2011; J. Goldberg & Helfman, 2010; Lallé et al., 2016; Manuel et al., 
2004; Wang et al., 2014; Zagermann et al., 2018). 
 
One possible justification for this reverse is the different task design. The n back task only 
required participants to look at one spot on the screen, while the previous studies required 
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participants to observe, scan, and search during tasks and the gazes were not fixed in one spot 
(Table 33). 
 
Table 33: The tasks in the papers. 

Paper Task 

Chen et al.,2011 observing team player positions in basketball game videos 

Goldberg & Helfman, 2010 scanning within and between bar, line, and spider graphs 

Manuel et al.,2004 browsing content to learn 

Lallé et al., 2016 retrieve, find, sort, and compute in charts 

Wang et al., 2014 online shopping tasks on a shopping website 

Zagermann et al., 2018 three visual search tasks that represent different levels of 
difficulty 

 
 
Another interesting finding is that averaged fixation duration, maximums of fixation duration, 
fixation velocity were easily affected by the correctness (p <0.05) (Table 29). The medians of 
averaged fixation duration, maximums of fixation duration, and fixation velocity were all larger 
or faster in the accuracy 1 condition compared with the accuracy 0 conditions.  
 
As mentioned in the Section 5.1.3.2 Accurateness,  the magnitudes of Alpha ERD AF7,  Alpha 
ERD AF8, and Beta ERD AF8 were significantly higher in accuracy 0 condition than in accuracy 
1 condition (p < 0.05).  
 
Wang et al. (2016) observed different behaviors when they made incorrect keystroke actions, 
especially during the 2-back and 3-back tasks. They found some subjects might gave up or 
responded randomly for several trials, refreshed their memory, and started over again to establish 
a new memory queue to catch up the pace of the ongoing N-back sequences. We reviewed all 
accuracy 0 conditions of the recorded videos on Tobii Pro Nano, however, the eye movements 
were quick and simple for the n back tasks, thus we were not able to predict any special 
behaviors only based on the recorded screens.  
 
Although the activities behind incorrect responses can be complicated and impossible to 
distinguish them only with the current data, we found a piece of evidence for the connection 
between EEG measures (Alpha ERD AF7,  Alpha ERD AF8,  Beta ERD AF8) and eye 
movement measure (fixation duration, fixation velocity). 
 
When participants made an incorrect choice in the n back task, they had statistically significant 
higher magnitudes of Alpha ERD AF7,  Alpha ERD AF8, and Beta ERD AF8 , and statistically 
significant lower fixation duration and fixation velocity. 
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Another obvious concern about the Tobii Pro Nano is the unstable capture rate. For three 
experiments, only half of the participants' data was captured enough to be adopted.  
  
One pilot participant’s capture rate was 0, 0, and 2% for three experiments. In Experiment Two 
Part Two, he mentioned that he has a high degree of astigmatism, around 500-600 for both eyes. 
Astigmatism is an imperfection in the curvature of your eye’s cornea or lens (Boyd, 2021). It 
may be helpful to think of the normal eye as being shaped like a basketball. With astigmatism, 
it's shaped more like an American football. The Tobii Pro Nano may not effectively recognize 
the eyes of people with astigmatism. This suggests that low capture rate for some participants 
may be caused by astigmatism. The Tobii Pro Nano may be a feasible device for researchers and 
designers to capture user’s eye movement data in a smartphone setting, with screening out 
people with high degree astigmatism. Therefore, one question about astigmatism were added to 
the interview during Experiment Two Part Two.  
 

 
Figure 17: The relationship between capture rate and astigmatism degree in experiments. 

For the astigmatism degree, we averaged two eyes’ two eyes’ degrees. The capture rate was 
recorded in the Tobii Pro Nano. we adopted Spearman’s rho statistic to assess the correlation 
between capture rate and astigmatism degree, and the correlation coefficients and p values are in 
Figure 17. The results were consistent in three experiments, and there is a statistically significant 
negative correlation between capture rate and astigmatism degree (p <0.05 or < 0.001). The 
correlation coefficients are around - 0.5. The negative correlation between astigmatism and 
capture rate may have resulted from the changes in the shape of eyeballs.  
 
Overall, the objective of Experiment One was to assess the feasibility of using wirelessly 
acquired EEG (MUSE 2) and eye-tracking device (Tobii Pro Nano) to assess cognitive workload 
in a well-controlled n-back task in a smartphone setting. The conclusion is the eye tracking 
device (Tobii Pro Nano) can be adopted as a device to collect eye movement data to monitor 
cognitive workload fluctuations in a smartphone setting, and the pupil dilation can be the 
measure for the cognitive workload differences.  
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5.2 Experiment Two 

5.2.1 Experiment Two Phase One 
Can eye-tracking data that have been proved to be sensitive to the difference in cognitive 
workload during tasks in Experiment One be used to provide evidence for researchers to find the 
optimal design of the application? 

5.2.1.1 Eye Movement Data Processing  
The same 30 participants who completed Experiment One were also the participants in the 
Experiment Two Part One. Based on the capture rate Tobii Pro Nano presented, only IDs 102, 
105,107,108,110,111,112,113,116,117,118,120,121,127,and 130 (total 15) data were selected for 
analysis. 
 
The recorded eye movement data were processed using Excel and R through these steps:  
 

1. We removed the two sections of the eye before entering the experimental page and after 
leaving the experimental page based on the timestamps recorded by the Conflict Solver 
Application and the recording start time marked by Tobii Pro Lab. 
 

2. We selected these columns: ID, Term, Question, Pupil diameter left, Pupil diameter right, 
fixation duration, fixation number, saccade duration, and saccade number. 
 

3. We located the two largest left pupil diameters and right pupil diameters for each 
participant and pinned them to the recorded videos in the Tobii Pro Lab. If the two largest 
pupil diameters are within one scenario on the timeline, we averaged the two values. We 
inspected the moments of each peak of pupil diameter for the causes.  

 

5.2.1.2 Eye Movement Data Results 
 
Pupil diameter refers to the estimated size of the pupils, in millimeters. Built on the findings of 
Experiment One, the maximum pupil diameters are adopted to present the peak cognitive 
workload. I located the top two of left pupil diameter and maximum of right pupil diameter of 
each participant’s experimental eye movement data and explored the possible causes of the peak 
cognitive workload by scrutinizing the eye movement data of the videos in the Tobii Pro Lab. 
The results are presented in Table 34.  
 
Table 34: Images and reasons for the peak cognitive workload scenarios in Experiment Two Part one. 

Participant’s ID Image Reason for Peak Cognitive Workload 
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102 

 

C1, Just entered the page and explored 
the page 

105 

 

C1, Just entered the page and reading 
the definition  



 

 

 
 

98 

107 B1, making decision_choose on drop 
down menu_structureorcharacter 
 
B7,making decision_typing 
 
C2,making decision_typing 
 
C3, making decision_typing 
 



 

 

 
 

99 

 



 

 

 
 

100 

108 

 

B2,  correcting the wrong answer 



 

 

 
 

101 

110 

 

B6, making decision_choose on drop 
down menu 
 
C2, making decision_typing 



 

 

 
 

102 

111 

 

C1, making decision_choose on drop 
down menu_structureorcharacter 

112 C2, just answered C1, and searching 
for C2; 
B5, making decision_choose on drop 
down menu 



 

 

 
 

103 

 



 

 

 
 

104 

113 

 

B1, making decision_choose on drop 
down menu_structureorcharacter 

116 

 

B9, making decision_typing 



 

 

 
 

105 

117 

 

B1, making 
decision_abouttoexpandthedropdpwnm
enu 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

118  B4, making decision_choose on drop 
down menu 
 
B6, making decision_choose on drop 
down menu 
 
B7, making decision_typing 
 
B8, making decision_typing 
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107 

 



 

 

 
 

108 

120 

 

C1, thinking 



 

 

 
 

109 

121 

 

B1, just entered the page and 
exploring; 
 
B2, just answered B1and searching for 
B2 
 



 

 

 
 

110 

127 

 

 

B2, thinking; 
B2, realized make a mistake 



 

 

 
 

111 

130 

 

ERROR 
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5.2.1.3 Eye Movement Data Analysis 

 
Figure 18: The distribution of each reason for Peak Cognitive Workload in Experiment Two Phase One. 

 
As Figure 18 illustrated, the majority of scenarios of peak cognitive workload is the moment of 
making a decision (15/24). The other reasons are just entering a page, just answering one 
question and searching for another, thinking, and realizing a mistake (one participant realized 
that they input the wrong answer in Question 2 of the leaf blade). Participants were concentrating 
on answering questions on hand for all these moments. No hesitations were observed from 
reviewing recorded screens. These causes did not create problems.  
 
The remaining reason is ERROR (the rightmost bar in Figure 18). Unlike the mistake scenarios, 
it is caused by the problematic design of the dropdown menu. This error jumped from question 4 
to question 7 directly, skipping answering questions 5 and 6. After completing question 9, 
Participant 130 was confused about why they could not submit the terms as they thought they 
had answered all questions. 
  
Apparently, the user experience with  the drop menu was not smooth. After the menu is pulled 
down, the page does not go up synchronously,  leading to the drop-down menu exceeding the 
current screen display area, so that the user has to manually slide the interface to see all the 
contents of the drop-down menu (Figure 19). A similar user experience problem occurs when the 
user closes the drop-down menu for leaf blade’s question 4 (Figure 20). When the user presses 
the "confirm" button, the drop-down menu is retracted upwards, but the interface does not go up 
to question 4, but stays at question 7, causing the user to jump directly from question 4 to 
question 7.  
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Figure 19: The drop-down menu and the interface do not correspond simultaneously. 
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Figure 20:  The interface does not go up to question 4, instead stays at question 7. 

Other small issues of the drop-down menu are also located during the scrutinization of videos. 
The first issue is Participant 102 clicked the “ ” on the top right corner to close up the drop-
down menu, which is feasible but not the way the design promotes. The second issue is that 
Participant 127 mistakenly used the drop-down menu as an input box, and entered "none" as the 
answer. 
 

5.2.1.4 Interview Analysis 
The interview results are in Appendix G. 
 
The answers from the interview reveal that the application is easy to use and has no big design 
issues. 
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For question 1, 9 out of 15 participants replied that there was no difficulty when using the 
application. The other 4 participants mentioned some uncertainty about answers. For instance, 
participant 107 said, “not sure how many choices I should select for some questions.” Participant 
108 replied, “forgot the answers to some questions.” And two participants (120 and 127) 
mentioned that they could not think of a term to be exchanged with leaf blade. These obstacles 
are caused by the unfamiliarity or background knowledge. Only participant 127 mentioned one 
design problem by answering “it was a little bit messy when the drop-down menu popped out.” 
  
From the results of question 2, many participants (10/15) preferred the drop-down menu over the 
input box. For question 3, 10 participants said that the definitions and example sentences helped 
them, and 3 did not notice or read the definitions and example sentences, while one replied it 
made them question their own decisions.  For question 4, 12 participants commented that the 
answers from other users were helpful. When reviewing all the recorded screen activities, some 
behaviors supported the claim. For example, participant 108 changed their answer for the second 
question of leaf blade from “leaf tip, leaf base” to the correct answer “blade,” after paying 
attention to the other users’ answers. 
 
Question 5 and 6 are not related to the experiment objective, and will not be discussed in this 
paper.  
 
For question 7, 9 out of 15 participants said if they were the designers, they would not think it 
necessary to change the application interface. Two participants (107 and 113) commented that 
the choices can be displayed under the input box instead of in the drop-down menu. This 
suggestion is not feasible due to the enormous number of choices. Participant 111 said that they 
did not like that some other users’ choices were “none” and they liked the option of referring to 
the answers of other users. However, the other users’ choice is determined by users rather than 
designers. Participant 111 pointed out the “Confirm” button in the drop-down menu does not 
stand out by its color. This suggestion will be integrated in the redesign phase. Participant 116 
commented on the order of questions that “question 3 and 4 should be separated, and question 4 
and question 7 should be together.” This advice will be discussed with the other stakeholders of 
this application. Participant 121 suggested that some duplicated questions can be deleted. There 
are no duplicated questions and this participant misunderstood some questions. 
  
For question 8, 14 out of 15 participants responded that the application was easy to get hands-on. 
The one participant (112) who did not respond the application was easy to use complained that 
the “interface can be a bit messy, I don’t know if the question has been answered before, but I 
need to take a closer look to confirm.” 
  
For question 9, all participants said they had no other suggestions.  
 
Summarized from responses to question 10, participants gave this application high ratings, for 
instance, “easy to use,” “Very convenient,” and “good user experience.”  
 
Overall, the majority of participants did not mention major difficulties despite some issue with 
missing questions. They all agreed that this application is easy to get hands-on without any 
practice or training. 
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5.2.1.5 Discussion  
 
The problematic design of the drop-down menu was discovered from assessing the peak 
cognitive workload represented by the maximums of pupil diameter. Some participants also 
vaguely commented about the drop-down menu issues during the interview. By scrutinizing all 
recorded videos on Tobii Pro La, it was evident that participants 113, 118, 121, and 130 all 
skipped questions due to the immature design of the drop-down menu, but none of them 
complained about this issue. They figured out the issue by themselves in a few seconds, and only 
participant 130 experienced peak cognitive workload during the solving issue phase. This shows 
that users, more specifically, young users with high familiarity and enough experience with 
smartphones, have a high tolerance for design issues. This high tolerance suggests that the 
subjective rating may hide some design issues and should not be the solitary assessment tool for 
application usability in a design project. Adding another objective measure, pupil diameter for 
instance, can provide an objective and accurate perspective for designers to uncover design 
issues that may not be problems for the young generation but may be insuperable obstacles for 
elders. 
 
Summarizing all problems about the drop-down menu from different perspectives, we redesigned 
the drop-down menu (Figure 21). When the user clicks the drop-down menu, the drop-down 
menu will pop up, forming a separate layer by itself, covering the original page. When the 
confirm button is pressed, this single layer will be closed, and the original page has not moved, 
and the answered question remains in its original position. The way of designing the drop-down 
menu will overcome the biggest problem that the user directly missed questions 5 and 6. 
Moreover, the confirm button uses the blue-purple color to emphasize and make it clear to the 
user that the confirm button is a button to exit the drop-down menu. We added more options 
organized in groups to the drop-down menu to simulate the real environment when the 
application is fully implemented for experts in biology and zoology. The options are in Appendix 
H.  
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Figure 21: New design of drop-down menu. 

 

5.2.2 Experiment Two Phase Two 
Has the alternative design over the initial UI design decreased the cognitive workload and 
improved the user experience? 
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5.2.2.1 Eye Movement Data Processing  
The 29 participants who completed Experiment One and  Experiment Two Part One also 
completed Experiment Two Part Two, except that Participant 118 dropped out due to personal 
reasons.  Based on the capture rate Tobii Pro Nano presented, a total of 14 participants (IDs 102, 
104, 105, 108, 111, 112, 113, 116, 120, 121, 125, 126, 127, and 130) were selected for analysis. 
 
The recorded eye movement data were processed using Excel and R through the same steps in 
Experiment Two Part One in section 5.2.1.1.   
 

5.2.2.2 Eye Movement Data Results 
 
Pupil diameter refers to the estimated size of the pupils in millimeters. Built on the findings of 
Experiment Two Part One, the maximum pupil diameters were adopted to present the peak 
cognitive workload. We located the top two of the maximum left and right pupil diameters for 
each participant and explored the possible causes of the peak cognitive workload by scrutinizing 
the eye movement videos recorded in the Tobii Pro Lab. 
 
Screenshots of the two error situations found are presented in Table 35. Images of non-error 
situations are included in Table 3 in Appendix E . 
 
Table 35: Screen shots related to error-triggered peak cognitive workload in Experiment Two 
Part Two. 
Participant’s ID Image Reason for Peak Cognitive Workload 
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105 

 

B, ERROR_accidentially click reject 
term 



 

 

 
 

120 

130 

 

 
B6, ERROR_input “none” in the 
search box; 
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5.2.2.3 Eye Movement Data Analysis 
 

 
Figure 22: Distribution of reasons for Peak Cognitive Workload scenarios in Phase Two Experiment Two. 

 
As Figure 22 exhibits, the majority of reasons for peak cognitive workload were found around 
the decision-making moments (27/34), as was the case in Experiment Two Part One. The other 
reasons were just entering a page, finding the answer, and reviewing answers before submitting. 
 
The remaining reason was ERROR. Different from Experiment Two Part One, the two errors 
were caused by Participant 105 clicking “Reject” accidentally, and Participant 130 entering 
“none” in the search box of the drop-down menu. More importantly, none of these errors  was 
caused by a poor design. 
 
In sum, all peak cognitive workload scenarios were not associated with problematic design of the 
application, but normal usage of it. It can be concluded that the improved design of the interface 
has decreased the needless cognitive workload.  

5.2.2.4  Interview Analysis 
 
The detailed interview results are in Appendix G. 
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The results of the inerviews indicate that the majority of participants (12/14) prefer the drop-
down menu over the input box, compared to the 10/15 in Experiment Two Part One. Further, 
among participants 113,116,117,118, and 127, who chose the input box in Experiment Two Part 
One, participants 113, 116, and 117 switched to the drop-down menu in this experiment. 
Participant 118 dropped out the Experiment Two Part Two.  
 
Participants 127 and 130 chose the input box over the drop down menu, as a result of too many 
options in the drop down menu. Participant 130 replied that they did not locate the terms in the 
drop down menu. They also noticed that the other user’s answer was “none”, so they also input 
“none” in the drop-down menu.  
 
On the other hand, participants who preferred the drop down menu commented that as long as 
the options are well categorized, it is fine to have a number of options in the dropdown menu 
Because it is inevitable to have many options in the drop down menu, categories should be 
designed with deliberation.  

5.2.2.5 Differentiating Concentration- and Error-Triggered Peak Cognitive Load Scenarios 
 
Triggers of peak cognitive workload scenarios can be divided into two general categories: 
concentration and error. Our results suggest concentration numbers for the majority of peak cog 
loads. Manually scrutinizing eye tracking data to find the errors can be quite burdensome. Can 
EEG data be used to differentiate the two causes?  
 
As mentioned in the Section 5.1.3.2 Accurateness, the magnitudes of Alpha ERD AF7, Alpha 
ERD AF8, and Beta ERD AF8 were significantly higher in accuracy 0 condition than in accuracy 
1 condition (p < 0.05) (Table 13) And the exploration of adopting a single baseline away with 
stimulus (Table 14) showed statistically significant differences for averages of Beta ERD AF8  
between accuracy 0 and accuracy 1 for all participants (p < 0.05). 
 
To test this idea, we pinned the timestamps into EEG data collected in Experiment Two Part One 
and Part Two and computed Beta ERD AF8 with a single eye open baseline away with stimulus, 
followed by conducting Wilcoxon rank-sum test between two categories: concentration and 
error. The result is in Table 36.  
  
 
Table 36: The descriptive statistics and Mann-Whitney-Wilcoxon tests result for averages of 
ERD Beta AF8 between two categories: concentration and error. 
Category N Mean SD Median W p-value 

  

Error 2 -32.408246 13.79406 -32.4082457 2 0.04678** 

Concentration 17 -4.072804 11.04893 -0.3405945 
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The results in Table 36 show there is a statistically significant difference between concentration 
and error ( p < 0.05), and the magnitude of ERD Beta AF8 is much larger in the error category 
than in the concentration category (-32.41 vs -0.34). Yet, with the limited sample size (17 vs 2), 
this result is by no means conclusive.  It does suggest an interesting direction on combining  
EEG and eye movement data to differentiate concentration-triggered peak cognitive loads from 
error-triggered ones. More discussion on this point is included in the future direction chapter. 
 

5.2.2.6 Experiment Two Part Two Discussion  
 
The secondary design has prevented users from making the error of directly jumping from 
question 4 to question 7, skipping answering questions 5 and 6 without realizing it. All peak 
cognitive workloads in the Experiment Two Part Two were either caused by users concentrating 
on their tasks or by making mistakes not led by the interface. Hence, we can conclude that the 
updated interface design decreases unnecessary cognitive workload demands and improves user 
experience.  
  
Another insight obtained from the Experiment Two Part Two is the need to carefully design a 
dropdown menu with numerous options. All stakeholders of this application shall carefully 
design the categories to reduce the number of  the choices in the drop-down menu.  

5.2.2.7 Comparison, Analysis, and Discussion on Peak Cognitive Workload Scenarios of 
Phase One and Two  
 
Choosing on Q4,5,6 drop down menu 
 
As described in Section 5.2.1.5, the revisions for Phase 2 experiment included updated dropdown 
menus and an increment of options in the dropdown menu from 9,5,5 to 42,42,42 for Questions 
4, 5, 6 of leaf blade respectively (See Appendix H for options). The UI design for the rest of the 
application remained unchanged. We recognized that introducing more options on the drop down 
menu in Phase 2 made the experiment less well-controlled, and added a level of complexity in 
analyzing the results. 
 
As illustrated in Figure 18 and Figure 22, an increment in count of peaks for “making decision” 
can be observed in Phase Two, compared with Phase One, even though the error(s) triggered by 
the identified design flaw was eliminated . To try to understand this increase, we presented data 
results and analysis on pupil dilation and completion time to support conclusions that the growth 
in count for the reason (making decision) may be led by the extension of the options, and it does 
not signify that the UI of Phase Two compromised the application usability and worsened user 
experience. 
  
Maximums of Pupil Dilation 
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As noted, pupil dilations representing the largest two baseline-adjusted pupil diameters of left 
and right eyes  of each participant during the entire task session were collected.  
 
We statistically compared analyses on the maximums of pupil dilation left and right, between 
Phase 1 and Phase 2 for all effective participants (Mann-Whitney-Wilcoxon test for independent 
data) and for overlapping participants (Wilcoxon matched-pairs signed rank test for paired data.). 
The results are presented in Table 37. There were no significant differences between Phase One 
and Phase Two in either case (p value > 0.05), but the standard deviations were noticeably 
reduced in Phase Two 
 
Table 37: The descriptive statistics and Mann-Whitney-Wilcoxon tests and Wilcoxon matched-
pairs signed rank test results for the maximums of pupil dilation left, and the maximums of  pupil 
dilation right, between Phase 1 and Phase 2 for all selected participants, for overlapping 
participants. 
 

14 Participants Mann-Whitney-Wilcoxon Test 

Measure Phase N Mean SD Median W p-value 

Maximums of 
Pupil Dilation  
Left 

1 24 0.1573669 1.358958 0.6413029 368 0.8961 

2 30 0.3725163 1.058222 0.5649793 

Maximums of 
Pupil Dilation 
Right 

1 21 0.6045708 0.6206693 0.7574599 355 0.2216 

2 28 0.5577161 0.2962625 0.5680706 

Overlapping 11 Participants Paired Mann-Whitney-Wilcoxon Test 

Maximums of 
Pupil Dilation  
Left 

1 11 0.4639975 0.6150905 0.7035897 26 0.5771 

2 11 0.7153303 0.248661 0.63928 

Maximums of 
Pupil Dilation 
Right 

1 11 0.4639518 0.5992203 0.5454335 27 0.6377 

2 11 0.6900572 0.3047062 0.6584348 

 
 
Completion Time 
We computed the time (unit: ms) spent on the dropdown menu for Questions 1, 2, 3, 4, 5, 6, 7, 8, 
9 of leaf blade and Question 1, 2, 3 of leaf blade color. The dropdown-completion time is defined 
as the moment of expanding the drop down menu to the moment of selected options being 
confirmed. Similarly, subtask completion time for other questions were also computed. 
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We then conducted Wilcoxon tests (unpaired and paired) for the completion time of all 12 
questions between Phase One and Phase Two for all selected participants and for 11 overlapping 
participants (Table 38). Statistical significant differences were only found for Questions 4, 5, and 
6, and 7 of leaf blade.  
 
For all selected participants, there were statistically significant differences for completion time of 
Questions 4,5,6,7of leaf blade between Phase One and Phase Two ( p< 0.05), with longer time 
spent in Phase Two. Statistical significant differences were found for overlapping 11 
participants’ completion time of Qs 4,5 of leaf blade  between Phase One and Phase Two ( p< 
0.05), with longer time spent on the dropdown in Phase Two. Although the time spent on 
Question 6 was not significant with p=0.05, it would be significant when p were set at 0.1. 
 
Table 38: The descriptive statistics and (paired) Mann-Whitney-Wilcoxon tests result for the 
completion time of all questions between Phase 1 and Phase 2 for all selected participants or for 
overlapping participants. 

Selected Participants Wilcoxon Test_Completion Time 

Measure Phase N Mean SD Median W p-value 

CT_B1 1 15 2776.267 2409.6943 1681 119 0.5613 

2 14 1860.786 774.8819 1566.5 

CT_B2 1 15 8439.2 7171.171 5682 122 0.4773 

2 14 6911.929 5557.42 5732 

CT_B3 1 15 6591.4 4749.676 4787 147 0.07007 

2 14 4004.857 1371.51 3889.5 

CT_B4 1 15 14361.53 9110.314 10056 58 0.0411** 

2 14 24666.36 22484.958 15603.5 

CT_B5 1 15 8781.667 3895.586 8207 47 0.01048** 

2 14 23337.143 24986.352 13199.5 

CT_B6 1 15 2301.2 23732.61 5996 47 0.01048** 

2 14 17551.857 15191.37 14874 
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CT_B7 1 15 7882.8 3679.491 7426 158 0.02025** 

2 4 5960.714 5442.196 4288.5 

CT_B8 1 8 7984 5749.706 7545 48 0.6163 

2 14 10010.5 6205.711 9192.5 

CT_B9 1 7 4438.286 1759.485 3774 28 0.7104 

2 7 5552.286 5674.89 3135 

CT_C1 1 15 3835.2 6783.82 1811 139.5 0.1378 

2 14 1915.786 1255.456 1515 

CT_C2 1 15 9508.067 4042.235 8544 140 0.1337 

2 14 7978.5 4611.973 6523 

CT_C3 1 15 17593.2 21039.619 11835 131 0.2703 

2 14 10210.79 5235.412 8488.5 

Overlapping 11 Participants Paired Wilcoxon Test_Completion Time 

Measure Phase N Mean SD Median W p-value 

CT_B1 1 11 3156.455 2739.539 1590 53 0.08301 

2 11 1810 739.0976 1659 

CT_B2 1 11 8798.364 8020.587 5682 38 0.7002 

2 11 6588.273 5880.804 5604 

CT_B3 1 11 5971.818 3618.907 4455 54 0.06738 

2 11 4178.545 1386.338 4017 

CT_B4 1 11 12129.91 9477.678 9339 0 0.0009766**
* 

2 11 21416.18 14673.965 15894 
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CT_B5 1 11 7277.273 2730.443 6801 7 0.01855** 

2 11 25581.727 27906.904 13125 

CT_B6 1 11 8923.091 3959.444 8310 14 0.1016 

2 11 18482 17043.175 14850 

CT_B7 1 11 7823.091 2496.137 7483 50 0.1475 

2 11 6119.727 5855.925 4558 

CT_B8 1 11 7154.545 5155.976 4281 23 0.4131 

2 11 9410.182 6501.173 8251 

CT_B9 1 8 4009.125 1901.023 2895 Cannot do paired test 
due to difference Ns 

2 6 5955.167 6105.884 3116.5 

CT_C1 1 11 1875.727 592.115 1590 45 0.3203 

2 11 1627.091 570.3871 1442 

CT_C2 1 11 8697.636 3535.629 7716 35 0.8984 

2 11 8500.909 4921.557 6970 

CT_C3 1 11 19945.273 24202.576 11835 48 0.2061 

2 11 9697.636 5424.249 8250 

 
 
Relating to the increased peak count in Phase 2 from Phase 1 (Figure 19 & 23), we further tested 
for potential  correlation  between number of peak moments on Questions 4, 5, and 6 dropdown 
list and their completion time for Phase Two (Phase One peak counts were too small to the test), 
but did not find a significant correlation (Pearson correlation coefficient = 0.100515 , p= 0.5265) 
 
The number of peak moments here is defined as one time point as one peak moment. 
 
Typing in the input box 
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UI design for Questions beside Qs 4, 5, and 6 of leaf blade remained unchanged, therefore, 
counts of peak scenarios were supposed to stay the same with no difference for two phases. 
However, as two bar charts display, participants experienced 12 peak scenarios of typing in the 
input box in Phase Two, while only 7 peak scenarios in Phase One. There was a difference of 5 
counts. 
 
To investigate the possible reasons behind the difference, we conducted Mann-Whitney-
Wilcoxon tests to compare completion time and accuracy of participants’ answers for 19 peak 
scenarios of typing in the input box between Phase One and Phase Two. The p values of Mann-
Whitney-Wilcoxon tests were 0.3523 and 0.7508 for completion time and accuracy, respectively. 
The p values are larger than 0.05, hence, no significant differences are found for completion time 
and accuracy between the two phases.  
 
Analyses and Discussion 
 
The errors identified from Phase 2 were eliminated by the new UI design and verified through 
the manual dilation reason analysis. This shows the pupil dilation measures can be effectively 
used to objectively identify UI design issues not reported by users.  
 
It is difficult to assess if this design change affected  participants’ peak cognitive workload on 
tasks because the number of options for Qs 4, 5, and 6 were increased by 5-8 fold in Phase 2. 
However, no significant differences in max pupil dilation between Phase 1 and Phase 2 (Table 
37) suggests adding more options for the drop down menu in Phase 2 did not increase 
participants’ cognitive workload, they reduced the standard deviation in participants’ max pupil 
dilations. The reduced SD shows that the increased number of options in Phase 2 demanded a 
similar level of cognitive resource from the participants, and that the numbers of options used in 
Phase 1 were probably too small, making the tasks too easy for some of the participants.  
 
The fact that the differences on completion time were  significant for Qs 4, 5, and 6 further 
confirms that their increased options did not generate ripple effects for other questions. The 
increased subtask time of Qs 4, 5, and 6 were expected as participants needed to review 5-8 
times more options to find the correct answer. It is interesting, however, that increased 
completion time is not correlated to the count of max pupil dilation. Having excluded time as a 
factor for increased max pupil dilation count, this result suggests that the increased max pupil 
dilation count from 4 (Phase 1) to 10 (Phase 2) likely manifested the difficulty level of the terms 
in the dropdown  for individual participants.     
 
Our attempt to discover the reason behind increased counts of peak scenarios, typing in the input 
box from Phase One to Phase Two has failed. Another possible reason is that although we 
controlled the time for participants to memorize the given information of terms, we had no 
control or knowledge of the level of their memorization. In the future research, we may add a test 
to acquire participants' memorized levels of  background information. 
 
Traditional usability testing adopts completion time, counts of errors, and subjective ratings to 
asset products’ usability and evaluate user experience. The measure, maximum/averaged pupil 
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dilation,  may provide additional perspective and more statistical evidence to support potential 
design consultation.    

Chapter 6 Conclusion 
 
The objective of this dissertation was to study how instantaneous cognitive workload changes 
during tasks can inform mobile application interface design using data collected by a low-cost 
EEG device and a user-friendly eye tracker. Three experiments were designed and implemented 
to fulfill this objective. Experiment One was designed to verify the feasibility of using eye-
tracking (i.e., Tobii nano) and low-cost electroencephalogram (EEG, i.e., MUSE 2) devices to 
measure real-time cognitive workload changes during mobile application use, and which 
measures are sensitive to cognitive workload differences. Experiment Two Part One aimed to  
measure the user’s cognitive workload on a smartphone application effectively and to provide 
evidence for researchers to find the optimal design of the application. The purpose of Experiment 
Two Part Two was to assess the improved interface design of the application. 
 
Results from Experiment One manifest that the eye tracking device (Tobii Pro Nano) can be 
adopted as a device to collect eye movement data to monitor cognitive workload fluctuations in a 
smartphone setting, and pupil diameter can be the measure for the cognitive workload 
differences, with a screening test to filter out people with astigmatism.  
 
In Experiment Two Part One, the problematic design of drop-down menu was found via 
examining all peak cognitive workloads represented by the maximums of pupil diameter. And an 
alternative interface was designed and implemented for Experiment Two Part Two. Note that this 
design flaw was not reported by the participants, as these young users all have rich experience 
using smartphones and have both a high tolerance for design issues and an ability to find 
workarounds  Therefore, sole subjective ratings for application usability does not reveal all 
usability issues, and introducing objective measures  to uncover design issues is imperative.  
 
In Experiment Two Part Two, the updated interface design improved the overall user experience, 
because none of the peak cognitive workloads in Experiment Two Part Two were caused by 
design issues. Another insight from Experiment Two Part Two is that the categories of choices 
must be carefully designed in the drop-down menu since the number of choices is inevitable to 
be substantial. The design should include input from all stakeholders.  
 
In sum, the eye tracking device (Tobii Pro Nano) can be adopted as a device to collect eye 
movement data to monitor cognitive workload fluctuations and track down interface design 
issues in a smartphone setting and the maximums of pupil diameter can be the indicator for the 
peak cognitive workload. This objective measure combined with a subjective rating can offer a 
multi-dimensional comprehensive user experience examination on mobile applications and 
provide objective and accurate data support for solutions to improve user experience. 
 
Another interesting finding is we roughly grouped all peak cognitive workload indicated by the 
maximums of pupil diameters into two categories: error and centration. The magnitude of ERD 
Beta AF8 computed with a single baseline was statistically significantly higher in the error 
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category than in the concentration category. Regardless of the limited sample size, it provides 
some primary empirical evidence of the practicability of employing synchronous EEG and eye 
movement data to classify peak cognitive workloads. 
 

Chapter 7 Future Directions 
 
There are three main directions for future research. One is to expand the age range to cover 
middle-aged and older adults. The second is to test findings in other settings, e.g. VR, wearable 
devices, etc.  The third is to explore the feasibility of using synchronized EEG and eye 
movement data to differentiate peak cognitive workloads.  
 
The rationale of the first direction is that only younger users who were born with smartphones 
were included in the study and I found that they have a high level of endurance for design issues 
and proficient capability to resolve issues by themselves. While it has been found that cognitive 
performance declines with age (Deary et al., 2009), it is reasonable to expand research to middle-
aged and elders to verify the findings in the different age groups to investigate whether 
experience with smartphones overcomes cognitive ability’s recession. 
 
Some ubiquitous screens (e.g. smart watches, etc.) and certain brand immersive experience 
technologies (e.g. VR glasses, etc.) have been earned consumers’ heart with acceptable prices 
and great user experiences. It is necessary to test our findings in these settings as well.  
 
For the third direction, as discussed in Section 5.2.2.5, it was impossible to profile participants’ 
behaviors and mental activities behind incorrect choices participants made during the n back 
task, because the eye movements were quick and simple for the n back tasks. Meanwhile, in this 
study, the sample size for peak cognitive workloads was too small to give solid evidence as to 
the feasibility of classifying peak cognitive workload using EEG data.  
 
In the future, we will design a new study where an application deliberately embedded with some 
design issues and some tasks that demand high cognitive workload. We expect the preset design 
issues and tasks will elicit peaks of cognitive workloads. These peaks can be grouped by the 
causes: errors and concentration on solving tasks (unnecessary cognitive workload and inevitable 
cognitive workload). Two sets of data will be collected via EEG and eye movement data 
simultaneously. Pupil diameters can be the measurement for peak cognitive workloads, and the 
EEG data of these peak cognitive workloads will be verified whether there is a difference 
between errors and concentration on solving tasks. A thorough literature review and a detailed 
experiment design are necessary.  
 
In the far future, one major direction we desire to explore is to establish a multidimensional 
assessment tool for product usability, including subjective ratings, psychophysiological 
measures, and performance measures. We understand this objective is extensive and requires 
considerable time and human resources to complete.  
 



 

 

 
 

131 

Another direction is to expand from application-focused studies to include cognitive focused 
studies. Instead of studying how to improve the usability of specific kinds of software 
applications, we aim to study cognitive processes, such as how to help people focus or refocus in 
different settings. 
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Appendix A_Demographic Questionnaire  
 
 

1. Your ID: ___ (Each subject will be given an 3-digit ID.) 
 
 
2. Age: What is your age? ____ 
 
 
3. Gender: What is your gender? 

Male 
Female 
Transgender 
Other 
Prefer not to respond 

 
 
4. Which hand is your strong hand? 

Left 
Right 
Both 

 
 
5. You are able to operate smart phones proficiently.  

Strongly agree, Agree, Neither agree nor disagree, Disagree, Strongly disagree 
 
 
6. Which operating system are you more familiar with? 

iOS system 
Android system 
Both 
Other:______ 

7. How many year since you own your first smartphone? 
Less than one year 
1-2 years 
3-5 years 
5-10 years 
More than 10 years 
 How many hours a day on average do you use your smartphone? 

 
 
8. How many hours a day on average do you use your smartphone during school session? 

0.5-1 hour 
1-2 hours 
3-5 hours 
6-8 hours 
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More than 8 hours 
 
 
9. How many hours a day on average do you use your smartphone during school break? 

0.5-1 hour 
1-2 hours 
3-5 hours 
6-8 hours 
More than 8 hours 
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Appendix B_Guidelines for COVID-19  
 
To minimize the risks posed by COVID-19, We will follow the guidelines provided by the IRB 
office on mitigating risk. Specifically we will follow the procedure described below when 
conducting the experiments (updated from the RII checklist): 
  

(1) The room where the experiment will be conducted contains one desk, one chair, one 
computer mounted with an eye tracker, two EEG devices, one basket holding sanitation 
materials and clean face masks, and one wastebasket with cover. 
(2) Schedule subjects so that there is 15 mins of cleaning up time in between any two 
subjects. 
Subjects are screened by phone using 
https://arizona.app.box.com/s/a5l3s9q9t12bogiswbnhxn2rrgcyg9uq before coming to the 
study. Subjects are informed that there is no waiting area so they should come at their 
scheduled time. 
(3) Researchers disinfect all surfaces before a subject comes into the room. 
(4) Subject comes in. 
(5) Subject uses hand sanitizer, and puts on a face mask provided. 
(6) Researcher uses hand sanitizer, and puts on a face mask. Researchers conduct the 
same wellness screening again with the subject. If not passed, the subject is sent home. 
Otherwise, continue: 
(7) Play recorded script: 
https://arizona.app.box.com/s/u9p45rattnquqnce06ppzkf1on49ashl 
(8) Researcher sets up the experiment with the subjects via verbal instructions from 6 feet 
away.  
(9) Researcher uses hand sanitizer and leaves the subject and moves more than six feet 
away or into another room. 
(10) Subject completes the task on the computer/smartphone. Subject has access to hand 
sanitizer at all times. 
(11) Still being six feet away or in another room, researchers conduct the 10 min 
interview on Zoom with the subject (to reduce contact). 
(12) Subjects use hand sanitizer, leave the experiment room, and drop out the masks in a 
bin right outside the experiment room. 
(13) Researcher changes a new mask, drops the face mask in the waste bin, spray 15% 
bleach in the waste bin, then sanitizes all the surfaces again. 
(14) Let the next subject in.  

  
In addition, high risk population will not be recruited for the research: all persons age 65 or 
older, or persons of any age with a medical condition including lung disease or moderate-severe 
asthma, serious heart condition, immune system compromise, obesity (BMI >39), diabetes, or 
chronic kidney or liver disease. 
 
No more than one research participant to be present in the study area at a given time. 
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All research staff should self-screen daily using the University of Arizona COVID-19 screening 
https://arizona.app.box.com/s/a5l3s9q9t12bogiswbnhxn2rrgcyg9uq.  Researchers who are 
experiencingCOVID-19 symptoms or have been exposed to individuals with COVID-19 should 
refrain from engaging in face-to-face human research activities for 14 days. 
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Appendix C_Application UI in Chinese 
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Appendix D_Basic Information of Terms 
 
Leaf Blade 

1. Leaf blade is structure. 
2. The structure has leaf blade as a structure is blade. 
3. Leaf always has leaf blade. 
4. Leaf apex，leaf base，leaf margin is always part of leaf blade.* 

5. Leaf hair，leaf tooth may be part of leaf blade . 

6. Leaf blade always has leaf apex，leaf base，leaf margin.* 

7. Leaf blade is always part of leaf。 
 
Color of Leaf Blade  

1. Color of leaf blade is character. 
2. The group that color of leaf blade belong is perceived color. 

 
** "A is always part of B" does not mean "B always has part A" and vice versa. For example, a 
dog always has fur, but fur is not always part of a dog (cats also have fur). When the sixth When 
a finger is present, it is always part of the hand, but not all hands have a sixth finger. 
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Appendix E_Tables 
 
Table 1: Columns in CSV files collected via Mind Monitor. 
Columns Description Range/Units 

Time Stamp Date and Time Year-Month-Day 
Hour:Minute:Second: 
Millisecond 

Delta_{TP9, AF7, 
AF8, TP10} 

Delta brainwaves, for each of the four 
sensors. 

dB* 

Theta_{TP9, AF7, 
AF8, TP10} 

Theta brainwaves, for each of the four 
sensors. 

dB 

Alpha_{TP9, AF7, 
AF8, TP10} 

Alpha brain waves, for each of the four 
sensors. 

dB 

Beta_{TP9, AF7, 
AF8, TP10} 

Beta brain waves, for each of the four 
sensors. 

dB 

Gamma_{TP9, AF7, 
AF8, TP10} 

Gamma brainwaves, for each of the four 
sensors. 

dB 

RAW_{TP9, AF7, 
AF8, TP10} 

RAW brainwaves, for each of four sensors. 0.0 - 1682.815 uV 
  

Accelerometer[CH-
(19] [ZL(20] _{X, Y, 
Z} 

The effect of gravity on the headband, 
measured in g (9.81m/s2).When the 
headband is worn on a level head, X will 
show head tilt up/down, Y shows head tilt 
left/right and Z will show vertical motion 
up/down (e.g. jumping). X = tilt up/down, Y 
= title left/right, Z = vertical up/down 

g {-2:+2} 
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Gyro_{X, Y, Z} Gyroscope - The amount of rotation from the 
last position the headband was in. This will 
always return to zero. 
When the headband is worn on a level head, 
X shows head tilt left/right (Roll), Y shows 
head tilt up/down (Pitch) and Z shows 
rotation looking left/right (Yaw). Gyroscope 
motion [CH-(21] [ZL(22] over time (returns 
to zero) 

degrees/second {-
245:+245} 
  

HeadBandOn Basic data quality indicator: the headband is 
on the head. 

1=True, 0=False 
  

HIS_{TP9, AF7, 
AF8, TP10} 

Data quality, for each of the four sensors 
(HIS = Horse Show Indicator) 

1=Good, 2=Medium, 
4=Bad 
  

Battery Battery charge percentage %/100 
  

Elements Data markers such as Blink, Jaw_Clench, or numbered marker 

 *One decibel (0.1 bel) equals 10 times the common logarithm of the power ratio. decibel (dB), unit for expressing 
the ratio between two physical quantities, usually amounts of acoustic or electric power, or for measuring the 
relative loudness of sounds. One decibel (0.1 bel) equals 10 times the common logarithm of the power ratio. This is 
the result from the fast Fourier transform (FFT) calculation. 
 
 
Table 2: Columns in excel files collected via Tobii Pro Lab. 

Columns Description and Units  

Export Data 
 

Participant 
Name 

 

Participant 
Variables 

 

Recording Name 
 

Recording Date Date when the Recording was performed in this timezone. Format: YYYY-
MM-DD 



 

 

 
 

140 

Recording Data 
UTC 

Date when the Recording was performed in UTC. Format: YYYY-MM-DD 

Recording start 
time 

Start time of the Recording in this timezone. Format: HH.MM.SS.FFF 

Recording start 
time UTC 

Start time of the Recording was performed in UTC. Format: 
HH.MM.SS.FFF 

Recording 
duration 

Total duration of the Recording. Format: milliseconds 

Recording 
Fixation filter 
name 

The name of the Fixation filter applied on the Recording eye tracking data 
in the export. 

Recording 
software 
version  

The version of the software used to make the Recording. 

Recording 
resolution  

Format: pixels 

Calibration 
results 

Average accuracy and precision of calibration in millimeters, degrees and 
pixels 

Eye Tracker 
timestamp 

The Recording timestamp in the eye tracker clock. Format: milliseconds 

Event  Name of the Event  

Event value The event value 

Gaze point 2D Raw gaze coordinates for each eye individually. Format: pixels (MCS) 

Gaze direction The unit vector of the direction of the gaze, for each eye individually. 
Format: Normalized coordinates (DACS) 

Pupil diameter  Estimated size of the pupils. Format： millimeters 

Validity of eye 
data 

Indicates if the eyes have been correctly identified. Available values: 
Valid/Invalid. 

Eye position 
(DACSmm) 

3D position of the eyes. Format: millimeters (DACS) 

Assisted 
mapping gaze 
point 

Assisted mapping gaze point coordinates.  
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Manually 
mapped gaze 
point 

Manually mapped gaze point coordinates.  

Mapped gaze 
point  

The combination of the manually and assisted mapped gaze point 
coordinates. Manual mapping overrides assisted. 

Assisted 
mapping gaze 
point 

Similarity score of assisted mapping gaze points. 

Media 
dimensions 

Dimensions of the Snapshot.  

Mapped eye 
movement type  

Type of eye movement event classified by the selected Fixation filter for 
mapped gaze data.  

Mapped eye 
movement type 
index 

Represents the order in which an eye movement was recorded for mapped 
gaze data. The index is an auto - increment number starting with 1 for each 
eye movement type. 

Mapped fixation 
point 

Mapped fixation point. This column is affected by the settings of the 
Fixation Filter.  

Eye movement 
type 

Type of eye movement event classified by the fixation filter settings 
applied during the gaze data export. Format: Fixation; Saccade; 
Unclassified. 

Gaze event 
duration  

The duration of the currently active eye movement. Format: milliseconds. 

Eye movement 
type index 

Represents the order in which an eye movement was recorded. The index is 
an auto-increment number starting with 1 for each eye movement type.  

Fixation point Coordinates of the fixation point. This column is affected by the settings of 
the Fixation Filter. Format: pixel (MCS)  

AOI hit Reports whether the AOI is active and whether the fixation is located inside 
of the AOI: -1 = AOI not active; 0 = AOI active, the fixation is not located 
in the AOI; 1 = AOI active, and the fixation is located inside of the AOI; 
empty cell indicates that the media of the AOI was not visible.  

 
Table 3: Images and reasons for the peak cognitive workload in the Experiment Two Part Two.  
Participant’s 
ID 

Image Reason for Peak 
Cognitive Workload 
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102 

 

C1, making 
decision_about to click 
input box;  
 
C1, making 
decision_choose on 
drop down menu; 
 
B6, making 
decision_about to click 
input box;  
 
B6, making 
decision_choose on 
drop down menu.  
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104 

 

C1, Just entered the 
page; 
B, reviewing answers 
before submit 
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105 B3, making 
decision_about to type; 
B8,making 
decision_typing; 
 
B, 
ERROR_accidentially 
click reject term 
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108 C1, just enter the page; 
 
C2, making 
decision_typing. 
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111 B5, making 
decision_choosing on 
drop down menu; 
 
B7, making 
decision_typing. 
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112 B4, making 
decision_choose on 
drop down menu; 
 
B5, making 
decision_choose on 
drop down menu. 
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113 B1, just enter the 
page_reading example 
sentence; 
 
B5, making 
decision_choose on 
drop down menu; 
 
C2, making 
decision_typing. 
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116 

 

C1, found the answer; 
 
B8, making 
decision_typing. 
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120 B4, making 
decision_choose on 
drop down menu; 
 
B6, making 
decision_choose on 
drop down menu. 
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121 B2, making 
decision_typing; 
 
B4, making 
decision_choose on 
drop down menu; 
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125 

 
 

B9, making 
decision_about to type; 
 
B, making 
decision_click submit. 
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126 B6, making 
decision_choose on 
drop down menu; 
 
B9, making 
decision_typing. 
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127 B4, making 
decision_choose on 
drop down menu;  
 
C1, making 
decision_about to click 
input box.  
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130 B3, making 
decision_typing; 
 
B6, ERROR_input 
“none”; 
 
B9, making 
decision_typing.  
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Appendix F_Processed Steps 
 
The recorded EEG signals were processed using Excel and R through the steps below: 
  

1. Set the “TimeStamp” cell format to yy/m/d hh:mm:ss.000, and one column ID 
(the three-digits participants were assigned), was added to the CSV file,  

 
 
2. Dropped all data points with bad connections (4 for HIS)[CH-(23] [ZL(24] ； 
 
 
3. Dropped all data points that were classified as elements,  such as blink, jaw_clench, etc. 
 
 
4. Based on the timestamps recorded by the N-back task website, we sectioned the intervals 
starting from -200ms (approximately*) to the onset of each letter as the baseline interval for each 
letter (Xiang et al., 2021). Averaged these intervals to get the baseline for each letter. This 
baseline is called baseline_near, and refers to it being near the stimulus . The reason that the time 
windows are not exactly 200ms is that the EEG data is recorded at 256 Hz (256 times per 
second) so that it is not eligible to have a full 200ms time window. Therefore, we selected the 
time points that are most closely aligned. 

  
5. Based on the timestamps recorded by the N-back task website, we sectioned the intervals 
starting from the appearance of each letter to the time point that choices were made, and filtered 
out the duration of blanks . Columns  N-back, Letter Order) were added. N-back contained 1 or 2 
back.  Letter order was the orders of letters in 1 or 2 back, it ranged from 1 to 20. 
 
 
a. Calculated ERD/ERS with baseline_near , then these columns (Theta_E_{TP9, AF7, 
AF8, TP10}, Alpha_E_{TP9, AF7, AF8, TP10}, Beta_E_{TP9, AF7, AF8, TP10}, ) are added.  
 
 
6. Separate ERD and ERS based on their signs (+ or -). 

  
7. Averaged each letter interval for ERD of Alpha_E_{TP9, AF7, AF8, TP10}, 
Beta_E_{TP9, AF7, AF8, TP10}, and ERS of Theta_E_{TP9, AF7, AF8, TP10}.  
 
 
8. Coded accuracy to 1 for all correct answers, and coded accuracy to 0 for all incorrect and 
no answers . 
 
 
9. In the N-back task, participants with odd IDs complete the task in Order 1: low cognitive 
workload block, high cognitive workload block; and with even IDs complete the task in Order 2: 
high cognitive workload block, low cognitive workload block. Therefore, another column named 
Order with four levels (o_1, o_2, e_1, e_2) is added.  



 

 

 
 

176 

 
 
10. Conducted Mann-Whitney-Wilcoxon tests for averages of ERD of Alpha_{TP9, AF7, 
AF8, TP10}, Beta_{TP9, AF7, AF8, TP10}, and ERS of Theta_{TP9, AF7, AF8, TP10}between 
low cognitive workload (1 back) and high cognitive workload (2 back) for all participants. 
 
 
11. Conducted Mann-Whitney-Wilcoxon tests for averages of  ERD of Alpha, Beta, and ERS 
of Theta between o_1 and e_2, between e_1 and o_2, respectively, for all participants.  
 
 
12. Conducted Mann-Whitney-Wilcoxon tests for averages of ERD of Alpha_{TP9, AF7, 
AF8, TP10}, Beta_{TP9, AF7, AF8, TP10}, and ERS of Theta_{TP9, AF7, AF8, TP10} 
between accuracy 0 and accuracy 1 for all participants. 
 
 
13. Conducted Mann-Whitney-Wilcoxon tests for averages of ERD of Alpha_{TP9, AF7, 
AF8, TP10}, Beta_{TP9, AF7, AF8, TP10}, and ERS of Theta_{TP9, AF7, AF8, TP10} 
between low cognitive workload (1 back) and high cognitive workload (2 back) for participants 
with odd IDs, and participants with even IDs, respectively. 
 
 
14. Then according to the timestamps recorded by the N-back task website, we segmented 
the first 3000ms of the 10s relaxing eyes open relaxing as baseline. This baseline is called 
baseline_away, and refers to it being far away from the stimulus. 
 
 
15. Calculated ERD/ERS of Alpha AF7, Alpha AF8,  Beta AF8  and Beta TP9 with 
baseline_away, then four columns (Alpha_AF7_E_2, Alpha_AF8_E_2 , Beta_AF7_E_2, 
Beta_TP9_E_2) were added. 
 
 
16. Separate ERD and ERS based on their signs (+ or -). 

  
17. Averaged each letter interval for ERD of Alpha_AF7_E_2, Alpha_AF8 
_E_2,   Beta_AF8_E_2 and Beta_TP9_E_2 . 
 

  
18. Conducted Mann-Whitney-Wilcoxon tests for averages of ERD of Alpha_AF7_E_2 and 
Beta_TP9_E_2 between low cognitive workload (1 back) and high cognitive workload (2 back) 
for all participants, participants with odd IDs, and participants with even IDs, respectively. 
 
 
19. Conducted Mann-Whitney-Wilcoxon tests for averages of ERD of Alpha_AF8 _E_2 and 
Beta_AF8_E_2 between accuracy 0 and accuracy 1 for all participants. 
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The collected eye movement data were processed using Excel and R.  
Similar to EEG data, the recorded eye movement data were processed using Excel and R through 
these steps:  
 
 

1. Based on the timestamps recorded by the N-back task website and the recording start 
time marked by Tobii Pro Lab, we calculated the intervals in milliseconds of the low 
cognitive workload block and the high cognitive workload block for each participant, and 
the intervals in milliseconds of each wrong and missing response.  

 
 
2. Mapped these intervals to the eye movement data according to the column “Recording 
Timestamp '', and added three new columns: Nback (1, 2) , Accuracy (1, 0), and Order (o_1, o_2, 
e_1, e_2). o_1 and o_2 refer to this first task in odd IDs and the second task in odd IDs, and e_1 
and e_2 refer to the first in even IDs, and the second in even IDs. o_1 and e_2 are 1 back task, 
and o_2 and e_1 are 2 back tasks. 
 
 
3. After the preprocessing of EEG data by 2 steps, we had a data frame with 208261 entries 
and 39 variables. Check the Eye movement type columns,  and it has four types: 

EyesNotFound     Fixation      Saccade    Unclassified  
126171                 39367         20916        21807. 

 
Figure 17 demonstrates the eye movement type distribution across participants. As a 
result of  the high percentages of eyes not captured, the data of participants (ID: 101,103, 
106,112,114,115,117,120,121,122,123,124,128,129) were dropped out. A total of 14 
participants (ID: 102,104,107, 108,109,110,111,113,116,118,119,125,126,130) were 
processed and analyzed further.  
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Figure 17: Eye movement type distribution across participants.  
 
 
4. Based on the timestamps recorded by the N-back task website and the recording start 
time marked by Tobii Pro Lab, we sectioned the eye-tracking data for the baseline for pupil 
diameters of the first 3s of the 10s eye open relaxation. Averaged the 3s intervals to get the 
baseline of pupil diameter.  
 
 
5. Based on the timestamps recorded by the N-back task website and the recording start 
time marked by Tobii Pro Lab, we sectioned the eye-tracking data for the intervals starting from 
the appearance of each letter to the time point that choices were made. 
 
 
6. Selected these columns: ID, N-back, Letterorder, Order, Accuracy, Pupil diameter left, 
Pupil diameter right, fixation duration, fixation number, saccade duration, saccade number. 
 
 
7. Averaged each interval to get averaged Pupil diameter left, averaged Pupil diameter right, 
averaged fixation duration, averaged fixation number, averaged saccade duration, averaged 
saccade number. 
 
 
8. Computed Pupil dilation left and Pupil dilation right by the pupil diameter minus the 
pupil diameter baseline 
 
 
9. Divided the averaged fixation number and the averaged saccade number by the reaction 
time (unit: second) for each letter of each participant. 
 
 
10. Averaged Pupil dialtion right between low cognitive workload (1 back) and high 
cognitive workload (2 back), between accuracy 0 and accuracy 1 for all selected participants. 
Then I conducted the Mann-Whitney-Wilcoxon test for averaged Pupil dilation left, averaged 
Pupil dilation right between o_1 and e_2, between e_1 and o_2 for all selected 
participants.  Then I conducted the Mann-Whitney-Wilcoxon test for averaged pupil dilation left, 
averaged pupil dilation right between 1 back and 2 back for participants with odd IDs, and for 
participants with even IDs, respectively.  
 
 
11. Conducted the Mann-Whitney-Wilcoxon test for averaged fixation duration, averaged 
fixation number between 1 back and 2 back, between accuracy 0 and accuracy 1 for all selected 
participants. Then I conducted the Mann-Whitney-Wilcoxon test for averaged fixation duration, 
averaged fixation number between o_1 and e_2, between e_1 and o_2 for all selected 
participants.  Then I conducted the Mann-Whitney-Wilcoxon test for averaged fixation duration, 
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averaged fixation number between 1 back and 2 back for participants with odd IDs, and for 
participants with even IDs, respectively.  
 
 
12. Conducted the Mann-Whitney-Wilcoxon test for averaged saccade duration, averaged 
saccade number between 1 back and 2 back, between accuracy 0 and accuracy 1 for all selected 
participants. Then I conducted the Mann-Whitney-Wilcoxon test for averaged saccade duration, 
averaged saccade number between o_1 and e_2, between e_1 and o_2 for all selected 
participants.  Then I conducted the Mann-Whitney-Wilcoxon test for averaged saccade duration, 
averaged saccade number between 1 back and 2 back for participants with odd IDs, and for 
participants with even IDs, respectively. 
 
 
13. Selected the maximums of each interval to get maximums of  pupil dilation left, 
maximums of pupil dilation right, maximums of fixation duration, and maximums of saccade 
duration. Then repeat steps 10,11,12 for the maximums.  
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Appendix G_Interview Results 
It is a excel sheet, check this link: 
 
https://docs.google.com/spreadsheets/d/1sfWwJp9l__vJs_eeR25hpSY0Mb8oRdy-
/edit?usp=sharing&ouid=112464750075031501185&rtpof=true&sd=true\ 
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Appendix H_Options in Drop Down Menu 
 

• Options in the drop-down menu in Experiment Two Phase One for Question 1 of Leaf 
Blade and Leaf Blade Color 

o structure 
o character  

 
 

• Options (9) in the drop-down menu in Experiment Two Phase One for Question 4 
o leaf 
o peak of leaf blade 
o leaf node 
o leaf base 
o leaf margin 
o sheath 
o cauline 
o distal leaf blade 
o leaf vein 

 
 

• Options (5) in the drop-down menu in Experiment Two Phase One for Question 5 
o flower 
o leaf hair 
o leaf tooth 
o inflorescence 
o leaf vein 

 
 

• Options (5) in the drop-down menu in Experiment Two Phase One for Question 5 
o leaf vein 
o peak of leaf blade 
o leaf base 
o leaf margin 
o leaf stem 

 
 
 
 

• Options (2) in the drop-down menu in Experiment Two Phase Two for Question 1 of 
Leaf Blade and Leaf Blade Color 

o structure 
o character  

 
 

• Options (42) in the drop-down menu in Experiment Two Phase Two for Question 4, 5, 6 
of Leaf Blade 
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o apex 
§ achene apex 
§ anther tip 
§ apex of beak tooth  
§ apex of bract 
§ peak of inflorescence  
§ peak of leaf blade 
§ peak of beak 
§ peak of sheath  

o axis 
§ rachis 
§ root 
§ stem 

o base 
§ base of anther 
§ leaf base 
§ perigynium base 

o blade 
§ bract blade 
§ cauline blade  
§ leaf blade 

§ distal leaf blade 
§ proximal leaf blade 
§ leaf apex 
§ leaf base 
§ leaf margin 
§ leaf hair 
§ leaf tooth 

o bract 
§ bracelet 
§ distal bract 
§ inflorescence bract 

o ligule  
o margin 

§ apical margin  
§ abaxial margin 
§ leaf margin 
§ margin of bract blade 
§ margin of perigynium beak 

o tooth 
§ leaf tooth 
§ beak tooth 
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