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ABSTRACT 

Introduction: Sustaining attention is one of the most important factors in determining 

successful outcomes and deep learning in students. Existing approaches to track student 

engagement involve periodic human observations that are subject to inter-rater reliability. Our 

solution uses real-time Multimodal Multisensor data labeled by objective performance 

outcomes to track the attention of students.  

Method: The study involves four students with a combined diagnosis of cerebral palsy and a 

learning disability who took part in a 3-month trial over 59 sessions. Multimodal Multisensor 

data were collected while they participated in a Continuous Performance Test (CPT). Eye-

gaze, electroencephalogram, body pose, and interaction data were used to create a model of 

student attention through objective labeling from the Continuous Performance Test outcomes. 

To achieve this, a type of continuous performance test is introduced, the Seek-X type. Nine 

features were extracted including High-Level handpicked Compound Features (HLCF). 

Using leave-one-out cross-validation, a series of different machine learning approaches were 

evaluated. 

Research questions: 

RQ1: Can we create a model of attention for PMLD/CP students using the CPT? 

RQ2: What are the main correlations found in the CPT outcomes and the Multimodal 

Multisensor data? 

Results: Overall, the random forest classification approach achieved the best classification 

results. Using random forest, 84.8% classification for attention and 65.4% accuracy for 

inattention were achieved. We compared these results to outcomes from different models: 

AdaBoost, decision tree, k-Nearest Neighbor, naïve Bayes, neural network, and support vector 

machine. We showed that using a multisensor approach achieved higher accuracy than using 

features from any reduced set of sensors. Incorporating person-specific data improved the 

classification outcome, compared to being participant neutral. We found that using High-

Level handpicked Compound Features (HLCF) can improve the classification accuracy in 

every sensor mode. Our approach is robust to both sensor fallout and occlusions. The single 

most important sensor feature to the classification of attention and inattention was shown to 

be eye-gaze. We have shown that we can accurately predict the level of attention of students 

with learning disabilities in a real-time approach that is not subject to inter-rater reliability, 

human observation, or reliant on a single mode of sensor input. In total, 2475 separate 

correlation tests were carried over 55 data points using Pearson’s correlation coefficient. Data 

points from the SDT, CPT outcomes measures, Multimodal Multisensor features, and 

participant characteristics were assessed longitudinally for cross-correlation significance. A 

strong positive correlation was found between participant ability to maintain sustained and 

selective attention in the CPT to their academic progress in school (!"), P < .01. Participants 

who showed more inhibition in tests had progressed further in their academic assessments P 

< .01. The Seek-X type CPT also showed specific physiological characteristics, including body 

movement range and eye-gaze that were significant in P scales such as ‘Reading’ and 

‘Listening’ P < .05. We found that participant bias was overall liberal #′′%
&&&&&

 < 0. Participants 
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showed no significant bias change during the sessions, and we found no significant correlation 

between bias (#′′%) and sensitivity (!"). 

Conclusion: An approach to labeling Multimodal Multisensor data to train machine-learning 

algorithms to track the attention of students with profound and multiple disabilities has been 

presented. We posit that this approach can overcome the variation in observer inter-rater 

reliability when using standardized scales in tracking the emotional expression of students 

with such profound disabilities. The accuracy of our approach increases with multiple modes 

of sensor input, and our method is robust to sensor occlusion and fall-out. Multiple sources of 

sensor input are provided, to accommodate a wide variety of users and their needs. Our model 

can reliably track the attention of students with profound disabilities, regardless of the sensors 

available. A system incorporating this model can help teachers design personalized 

interventions for a very heterogeneous group of students, where teachers cannot possibly 

attend to each of their individual needs. This approach could be used to identify those with 

the greatest learning challenges, to guarantee that all students are supported to reach their full 

potential.  

Keywords—Affective computing in education, affect detection, attention, continuous 

performance test, engagement, flow, HCI, interaction, learning disabilities, machine learning, 

multimodal, multisensor, physiological sensors, Signal Detection Theory, selective attention, 

sustained attention, student engagement.  
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 INTRODUCTION 

t is often a challenge to keep children attentive in learning activities, especially if the 

activity requires them to retain focus and active participation for a continuous period of 

time. Researchers reported that students with learning disabilities do not display any 

significant attention deficiency compared to non-disabled students – these students can 

complete the same activities if given more processing time [1]. Despite this outcome, student 

engagement can vary greatly depending on the activity, and understanding when the student 

is engaged, and when they are not, is not a straightforward task. 

While research has focused significantly on the ability of children with learning difficulties to 

recognize [2], perceive [3] and interpret [4] emotional cues, there is little to no research on the 

recognition of the emotional state of these students. The importance of carers being able to 

interpret the emotional cues and states of such students has been documented in [5]. It is found 

that carers made significantly more critical and ‘fundamental attribution’ [6] errors in the 

emotional expression of their clients with learning disabilities in comparison to their clients 

without learning disabilities. This affects the quality and quantity of their client’s treatment 

[5] and has a negative effect on the provisional treatment [7], [8]. Currently, carers rely on their 

expert understanding and personal experience of the students to interpret their voices, 

expressions, and gestures. Dependent on the personal experience with a particular client, a 

carer’s internal modeling of the emotional expression of that client can vary widely and 

demonstrate inter-rater reliability issues. 

One of the main ways to measure engagement in students with special educational needs is 

to use the Special Schools and Academies Trust (SSAT) Engagement Scale [9]. The engagement 

profile scale is a classroom tool developed through SSAT’s research into effective teaching and 

learning for children with complex learning difficulties and disabilities. It allows educators to 

focus on the child’s engagement as a learner and create personalized learning pathways [10]. 
The authors describe seven components of engagement namely, awareness, curiosity, 

investigation, discovery, anticipation, persistence, and initiation. Teachers assign a score out 

of four for each component giving a total score out of 28. One potential issue with the use of 

this scale is that teachers assign a subjective rating to each component, which will be subject 

to inter-rater variability. 

The scale has been used to assess the impact of new technologies in special education – 

especially in studies investigating the suitability of humanoid robots to support learning in 

students with Profound and Multiple Learning Disabilities (PMLD). The approach of using 

an engagement scale to create personalized learning pathways has been examined by others 

[11]–[13]. 

One way to overcome the variation in observer inter-rater reliability in tracking emotional 

expression is to introduce a reliable indicator of that emotion. In this research, a robust 

methodology for tracking auention levels of children with PMLD or Cerebral Palsy (CP) is 

proposed using Signal Detection Theory (SDT) [14]. The application of this theory gives 

quantifiable information on the improvement of deterioration or auention in response to a 

Continuous Performance Test (CPT) specifically adapted to the abilities of such students [1], 

[15]. Performance in the CPT has been shown to provide objective labels to train machine 

learning algorithms [16]. Sensor data (e.g., on eye-gaze and body pose) is collected whilst the 

students are participating in a CPT. After obtaining a labeled dataset, machine 
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learning models can be applied to the data so that in the future new unlabeled data can be 

presented to the model and auention can be inferred. 

Many traditional interactive systems use devices such as a keyboard and mouse and are 

constructed to emphasize the transmission of explicit messages while ignoring implicit 

information about user interaction. The emerging science of affective computing can only be 

accelerated with the abundance of sensor data [17], [18] and wearables [19]. These multimodal 

human cues [20]–[22] provide the Multimodal Multisensor data points necessary for enhanced 

emotional modeling. Multimodal Multisensor data has been instrumental in determining user 

affective states [20], [23]–[29] including engagement [30]–[32].  

There are a number of challenges to developing such a model including understanding the 

relationship between the terms used in educational contexts (e.g., ‘flow’ and ‘engagement’), 

developing appropriate CPTs suitable for the abilities of students with the most profound 

learning disabilities, selection of appropriate sensors and features derived from these data 

streams from which emotional states can be inferred, finding a suitable population of end-

users to collect data with to train the machine learning algorithms, and finally comparing the 

performance of a range of machine learning methods to track auention. This work addresses 

each of these challenges. 

1.1 Research questions 

RQ1: Can we create a model of attention for PMLD/CP students using the CPT? 

RQ2: What are the main correlations found in the CPT outcomes and the Multimodal 

Multisensor data? 

1.2 Outline of thesis 

The thesis starts by introducing affect states of learning and the challenges that carers and 

teachers face in monitoring learner affect state, especially for PMLD and CP learners. It does 

on to describes objective alternatives to tracking affect state, namely the CPT. The literature 

review discusses the affect states of learning in the Zone of Proximal Flow theory and relates 

them to learner skill and learning challenge level. A theoretical framework for monitoring 

learner performance in a learning activity is discussed and examples are provided of how to 

track learner performance in a learning activity with known challenge levels. To answer the 

core research questions a CPT is developed that tracks Multimodal Multisensor data while the 

learner takes part in a series of signal detection trials of varying difficulty. The methodology, 

participant characteristics and data collection findings are explained in detail. Empirical 

lessons during the data collection pilots are presented and adaptations to the method are 

developed for the PMLD/CP user group. Machine learning results and comparisons are 

discussed. The best Machine Learning methods for each sub-set of sensors is presented with 

accuracy ratings. Cross-correlation analysis is also completed that explores relationships 

between CPT outcomes measures and participant characteristics. Significant correlations 

between the two are identified. The appendix includes documents used to gain ethical 

approval, information packs, parental consent forms, complete correlation results and papers 

published from this work. 
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 LITERATURE REVIEW 

The field of affective computing evolved from the field of Human-Computer Interaction (HCI) 

in an effort to reduce user frustration [33]. Affective computing expands HCI by including 

emotional communication along with appropriate means of managing affective information 

[33]. Current HCI designs, usually use traditional interface devices, such as a keyboard and 

mouse, and are designed to emphasize the transmission of explicit messages, while ignoring 

implicit user information, such as changes in an affect state. However, changes to the user’s 

affect state is an essential component of human-human communication. Some affect states 

encourage human actions, and others enrich the meaning of human interactions. 

Subsequently, HCI, which ignores the user’s affect states, compromises contextual 

information available in the interaction process that can augment the experience. As a result, 

such interactions are frequently perceived as cold, out of context, and socially inept. The 

advancement of the human-computer paradigm is dependent on future user interfaces that 

are not only sensitive to affect but are anticipatory and based on naturally occurring 

multimodal human cues [20]–[22]. The emerging science of affective computing can only be 

accelerated with the abundance of sensor data [17], [18] and wearables [19], which augment 

the user interface with Multimodal Multisensor data points necessary for enhanced emotional 

modeling. Multimodal Multisensor data has been instrumental in determining user affect state 

[20], [23]–[29] including engagement [30]–[32], [34].  

“The essential role of emotion in both human cognition and perception, as 
demonstrated by recent neurological studies, indicates that affective computers 
should not only provide better performance in assisting humans but also might 
enhance computers’ abilities to make decisions. Affective computing, coupled 
with new wearable computers, will also provide the ability to gather new data 

necessary for advances in emotion and cognition theory” [19].  

A significant amount of research has been carried out in the classification of human behaviors 

[23], [26], [35]–[38]. Many of these studies model human behavior patterns to learn about the 

user’s state or predict future behaviors. This has been the motivation for the field of “affective 

computing", which is the affective response to HCI with consideration of the temporal user 

state [33]. 

Affect is any feeling or emotion, which is the direct experience and consciousness of a 

particular emotional state (as in a person's feelings of elation upon accomplishment) [39]. 

Some affective states encourage human actions, and others enrich the meaning of human 

interactions. A distinction has also been made between negative and positive affect states, for 

example, ‘flow’ is a positive affect state while ‘boredom’ and ‘frustration’ are considered 

negative affect states [40], [41]. 

Along with cognition and conation, affect is one of the three traditionally identified 

components of the mind. These three divisions are classically referred to as the "ABC of 

psychology" which are "affect," "behavior," and "cognition" [42]. Cognition is relating to the 

part of mental functions that deals with logic, as opposed to affective which deals with 

emotions. Conation refers to the connection of knowledge and affect (emotion) to behavior 

and is associated with the issue of "why." The conative, as opposed to the cognitive or 

affective, relates to purposeful, but not necessarily ultimately rational, action. 
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Like cognitive objectives described by Bloom’s taxonomy [43], affective (or feeling) domain 

objectives can also be divided into a hierarchy (according to Krathwohl’s revised taxonomy 

[44]). The area of the affective domain is concerned with feelings or emotions and 

social/emotional learning and skills. Krathwohl describes the affect domain as the following 

[44]: 

1. Receiving 

This refers to the learner’s sensitivity to the existence of stimuli – awareness, 

willingness to receive, or selected attention. 

§ feel, sense, capture and experience 

§ pursue, attend, perceive 

2. Responding 

This refers to the learner’s active attention to stimuli and his/her motivation to learn 

– acquiescence, willing responses, or feelings of satisfaction. 

§ conform, allow and cooperate 

§ contribute, enjoy and satisfy 

3. Valuing 

This refers to the learner’s beliefs and attitudes of worth – acceptance, preference, or 

commitment. An acceptance, preference, or commitment to a value. 

§ Believe, seek and justify 

§ respect, search and persuade 

4. Organization 

This refers to the learner’s internalization of values and beliefs involving (a) the 

conceptualization of values; and (b) the organization of a value system. As values or 

beliefs become internalized, the learner organizes them according to priority. 

§ examine, clarify and systematize 

§ create and integrate 

5. Characterization 

This refers to the learner’s highest level of internalization and relates to behavior 

that reflects (a) a generalized set of values; and (b) a characterization or a philosophy 

about life. At this level, the learner is capable of practicing and acting on their values 

or beliefs. 

§ internalize, review and conclude 

§ resolve and judge 

2.1 Engagement  

Engagement is a concept of the significant importance of HCI, not only to inform the design 

and implementation of interfaces, but also to allow more sophisticated interfaces, capable of 

adapting to users. Although the notion of engagement is being actively studied in a diverse 

set of domains, the term has been used to refer to concepts such as interest, sustained attention, 

immersion, and involvement [45]. Student engagement (participation in learning) was found 

to be the most reliable feature for determining successful learning [34], [46], [47], and to result 

in major educational outcomes such as persistence, satisfaction, and academic achievement 

[48]. Active personalized learning was shown to encourage participation and engagement, not 

only in the classroom, but also in extra-curricular activities and work-related learning in the 

local community [49]. As the tutor or the technological learning facilitator forms a better 

understanding of the learner’s strengths and challenges, they are in a better position to go 
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through scaffolding objectives, involving the choice of skill to train at a given moment and 

choice of learning activities, while preserving the learner’s interest and engagement [50].  

According to Carpenter [51], the process of engagement is a journey that connects students 

and their environment (including people, ideas, materials, and concepts) and enables learning 

and achievement. Students who are disengaged can become frustrated or bored, which can 

have an adverse effect on achievement and lead to disruption of learning, for the individual 

learner, as well as for other students when learning takes place in a collective/collaborative 

environment like a classroom. 

The term “engagement” is used in at least two ways. First of all, it can be used in the sense of 

launch, bearing in mind the initiation of contact. For example, a user can interact with a 

machine, moving into a specific range to which the machine responds. This does not imply 

any necessary duration of interaction, but rather is a step - the user can work with the machine 

for a short time, and then decide to leave. In the longer term, engagement also refers to the 

concept of activity [52]. In this regard, engagement seems to imply a more sustained 

engagement. In the literature, engagement is described in different ways: as a process; as a 

phase in a process or as an overall process; as experience; as a cognitive state of mind; an 

empathic connection; as a perceived or theorized indicator that describes the general state of 

the interaction. However, most engagement studies reveal two basic foundations: attention 

and emotional involvement [52]. Selective attention of a stimulus seems to be necessary for 

the most basic form of engagement to take place. At a glance, this form of engagement can be 

limited to a relevant potential incentive that turns out to be no more interest. A more 

sustainable form of attention places greater demands on commitment and also allows for the 

possibility of emotional participation [52].  

O’Brien et al. [53] define engagement as the following. “Engagement is a quality of user 

experiences with technology that is characterized by challenge, aesthetic and sensory appeal, 

feedback, novelty, interactivity, perceived control and time, awareness, motivation, interest, 

and affect.” Specifically, when we discuss engagement in relation to technology, we use it to 

show a degree of involvement, alongside immersion, presence or fun [54]. 

Engagement, when termed as a process, can be seen as a series of different phases through 

which it can progress. They can relate to the intensity or level of participation of the 

participants in relation to the focus of the interaction. In the study of interaction with 

humanoid robots, Sidner et al. [55] refer to engagement as a process by which individuals in 

an interaction start, maintain and end their perceived connection to one another. It is a natural 

starting point to consider engagement as consisting of at least these three broad phases. 

O'Brien and Toms [53] refer to four phases of engagement: a point of engagement, sustained 

engagement, disengagement, and re-engagement. This is illustrated in Table 1. 
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Table 1. Attributes of the 4 stages of engagement from [53]. 

Point of engagement attributes Period of engagement 
attributes Disengagement attributes 

Interest 
Motivation 

Novelty 
Aesthetics 

Specific or experiential goal 

Attention 
Interactivity 

Control 
Novelty 

Challenge 
Feedback 
Interest 

Aesthetic and sensory appeal 
Positive Affect 

Challenge 
Interruptions 

Negative affect 
Positive affect 

Usability 
Perceived time 

 

 

Re-engagement 

 

The concept of re-engagement raises the critical issue of when an engagement can be 

considered to end. In some circumstances, the student may leave his or her chair or start 

looking around the classroom. However, in other cases, it may be harder to determine. For 

example, if the student looks away briefly, it may just mean that they have been temporarily 

distracted. In some cases, looking away may actually signal engagement, such as during 

shared attention scenarios, when looking at an object under mutual interest in a collaborative 

activity [56]. The social environment has also been used in [57], among other indicators, to 

help identify the engagement phase according to the stages of “present,” “attending and 

interested,” “engaged and interacting.” This is an important consideration during mobile 

scenarios, for example, where robots and users are free to move around the environment, 

highlighting the important role of the context of the interaction [53]. 

Therefore, if we consider these interactions as emotional cues, individually they carry 

undetermined outcomes in a view to engagement state. In the examples, the context of the 

interaction (looking away, at what?) and the user condition (mainstream or autism or…?) 

define the emotional cue construct. With a naive view of context, emotional cues are not a 

global predetermination of engagement. In a set context, emotional cues are personal to the 

user condition. To summarize, the model of human engagement is influenced by the three C’s 

of engagement.  

 

Engagement influences *
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Without being consciously aware of it, we evaluate the emotional cues we receive from people 

we interact with on a day-to-day basis. This is an early years skill [58], modeled in the teen 
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years from parents [59], with girls showing greater ability [60]. Unconsciously, we create a 

model of their engagement as a response to our interactions. We take great sensitivity to the 

context of the interaction, was the scene a casual or a serious one. We condition our response 

to the receiver’s condition, if they are joyous, our response reflects that, if they are mourning, 

we are cautious and selective. Similarly, in more complex interactions, if our receiver has 

autism, a learning disability, or PMLD we formulate our response accordingly to suit the 

condition of the interaction. Ultimately, we store this model, our perception and attributions 

of it to memory - only to retrieve it in our next interaction with that person, and to use it like 

a map, to best guide our engagement experience. Significantly, our perception shapes this 

model, and it must be evaluated through this lens. The subjectivity of our perception and 

attributions to the engagement, cannot be ignored [6]–[8], they condition our response. The 

subjectivity of our perception introduces a challenge in observer-rated engagement values in 

studies. Also, participant self-rated values can suffer from intra-participant variability. 

Another issue being, observer-rated methods cannot be automated and require a dedicated 

human observer, ideally a single one for all participants. 

According to Peters et al. [45] engagement is experienced in two common modes. First of all, 

it can be seen in the sense of starting when referring to the initiation of an interaction. Selective 

auention to a stimulus is necessary for this most basic form of engagement. This may be 

demonstrated by a quick glance at a potentially relevant stimulus that proves to be of no 

further interest. In a longer-term sense, engagement has also been seen as the concept of being 

actively occupied with an interaction. In this respect, the engagement seems to imply a more 

sustained involvement. In this form of interaction, a more sustained form of auention is 

required and also allows the possibility of affective involvement. 

The later mode of engagement, which involves a more sustained experience has the potential 

to lead to immersion and interest in this study. We are interested in tracking the optimal 

engagement experience. Csíkszentmihályi describes the optimal experience as flow when the 

person is in a state of mind where their awareness and activities merge.  

2.2 Observational methods of engagement tracking  

One of the main ways to measure attention and engagement for students with special 

educational needs is the use of the Special Schools and Academies Trust (SSAT) Engagement 

Scale [9]. The engagement profile and scale is a class tool developed as part of the SSAT 

research on the effective teaching and learning of children with learning difficulties and 

complex disabilities. It allows teachers to focus on the child's engagement as a learner and 

create a personalized learning path [10]. The authors describe seven components of 

engagement, namely awareness, curiosity, investigation, discovery, anticipation, persistence 

and initiation (seen in Figure 1). The variable success in the determination of student affect 

state introduces noise in observatory data collection methods, also the imprecise affective state 

labeling in this method casts doubt in the validity of affect data labeled by the teachers. 
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Figure 1. Special Schools and Academies Trust (SSAT) Engagement Scale. 

 

The scale has been used to assess the impact of new technologies in special education – 

especially in the suitability of humanoid robots to support PMLD learning [11], [12]. Assisted 

learning [61]–[63] is of particular interest to users with varying degrees of learning difficulty. 

An example of using affective computing in a special needs educational setting includes the 

application of an intelligent agent in assisted learning by monitoring the user’s response to 

different learning routes by finding the optimal learning pathway. This has an impact because 

customizing the learning pathway could allow the system to compensate for user disability 

and adapt the learning experience to suit the user’s more receptive learning pathways 

(focusing on their abilities, not limitations).  

Research in the underlying language of interactions in which people may engage with 

computers plays a significant role in the design and implementation of smart interfaces for a 

variety of applications, from learning to assistive [52]. Such interfaces should be capable of 

adapting to the individual user needs and acting appropriately according to the context of the 

situation and the requirements. Being able to monitor, track and react contextually to users' 

interest and engagement, plays a vital role in achieving this.  

2.3 Flow, performance, attention and engagement in learning 

Engagement’s crucial role in learning was recognized by Carpenter [62], stating that 

“Sustainable learning can occur only when there is meaningful engagement”. Learner 
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engagement in the classroom is the single most reliable indicator of deep learning [46], [47], 

[64] and learner satisfaction [65]–[67]. In the absence of learner engagement, deep conceptual 

learning is also not present [34], [51], which is an essential attribute to long-term learning and 

new skill achievement [51]. Chen et al. presented a model of engagement in games (2005) that 

related skill, challenge level and attention to engagement [68]. They later claimed it was not 

ready (2007, 2011) [69], [70]. In education, the use of the term ‘engagement’ is more familiar to 

teachers than flow. D’Mello and Graesser [71] see considerable overlap between the two terms: 

“We conceptualize engagement/flow as a state of engagement with a task such that 

concentration is intense, attention is focused, and involvement is complete” (p.146). The 

relationship between engagement, flow and attention has been illustrated in Bianchi-

Berthouze’s [32] engagement model, modified from the original model developed by Chen et 
al., see Figure 2.  

 

 

Figure 2. Relationship between attention, flow and engagement shown in diagram form [32]. 

 

Contrary to engagement, the concept of flow is well defined in Csíkszentmihályi’s works [67], 

[72]. While in flow, according to Csíkszentmihályi, the person’s skill level is matched with 

their challenge level [64], [66], [67] making flow the optimal psychological state of engagement, 
resulting in immersion, concentrated focus and deep learning [65], [66]. This results in concentrated 

focus and immersion in the task which leads to deep learning and High-Levels of work 

satisfaction [67].  

Flow’s intense experiential involvement is responsible for three additional reported qualities: 

the fusion of action and awareness, a sense of control, and an altered sense of time [73]. During 

flow, attention resources are fully absorbed in the task, so that objects outside the immediate 

interaction do not come into consciousness [73]. Attention is so totally absorbed in momentary 

activity that there is little to devote to mental processes that contribute to the duration of time 

[74]. As a result, people who are deeply immersed, usually report that time passes quickly 

[75]. William James noted that boredom seems to increase when “we grow attentive to the 

passage of time itself” [76]. 

A characteristic feature of flow is the intense empirical commitment to momentary activity. 

Attention is completely absorbed in the task at hand, and the person performs at their greatest 
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capacity [73]. The ability of a person to sustain attention is often combined with self-control 

and inhibition, which enormously increases performance [73], [77].  

Flow experiences are relatively rare in everyday life, but almost any activity is capable of 

producing them, provided that certain conditions are met. Previous research suggests three 

conditions of fundamental importance. Firstly, flow tends to occur when the activity contains 

a clear set of goals [73]. Secondly, a balance between perceived challenges and perceived skills, 

otherwise known as the concept of "optimal arousal" [40], [64], [78]–[80]. However, this is the 

perception of challenge, not the actual objective presence [73], [81]. When perceived challenges 

and skills are balanced, attention is completely invested. This balance, however, is inherently 

fragile; if challenge gradually exceeds skill, one typically becomes anxious or frustrated; if skill 

begins to exceed challenge, one relaxes and then becomes bored [40], [64], [73]. This is a push 

and pull dynamic. The equilibrium of skill and challenge is also represented in the Zone of 

Proximal Flow (ZPF) theory [40], [64]. We adapt and modify the engagement diagram from 

Chen et al. [68] and Bianchi-Berthouze’s [32] in Figure 3, with a focus on learning challenge 

and learner skill, using the definitions of flow, attention and flow from the works of  

Csíkszentmihályi [73], [82], [83] and the ZPF theory. 

 

 

Figure 3. Visualization of the relationship between performance, attention and flow using 

the Zone of Proximal Flow theory [40], and definitions from Csíkszentmihályi theory of flow 

[73]. Affect states are shown in orange and attributes from the learning activity are shown in 

green. 

 

High levels of performance usually depend on targeted attention focused on specific 

challenges and clear feedback [84]. Unsurprisingly, studies have found a strong positive 

relationship between flow and performance, and between attention and learning performance 

[85]. For example, flow is positively associated with artistic and scientific creativity [86], [87], 

effective teaching [66], learning [88] and peak performance in sports [89], [90]. This leads to 

the advancement of skill. 

As a person masters challenges in an activity, they develop their skill, and the activity ceases 

to be as challenging as before. To continue experiencing flow, they must identify increasingly 

greater challenges. Thus, over time, the balance between challenge and skill enhances 

competence. Experiential goals thus encourage growth and stretch a person's existing 

capacities (Vygotsky’s Zone of Proximal Development) [91]. 
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This positive relationship between flow and skill development has been demonstrated in 

several studies [90] in which students were tested in a school environment. In a longitudinal 

study, teenage students still committed to pursuing their talent area were compared to their 

peers who had already disengaged. Four years earlier, those who were still committed had 

experienced more flow and less anxiety than their fellow students while engaged in school-

related activities; they were also more likely to identify their area of talent as a source of flow 

[88]. In another longitudinal study, students talented in mathematics showed that those who 

experienced flow in the first part of the course performed better in the second half, achieving 

a higher grade point average (GPA) [73], [92]. Other longitudinal research suggests that the 

matching of challenge and skill in daily life may protect against negative outcomes. Teenagers 

who had experienced high adversity at home or school but felt successful when engaging in 

challenging extracurricular activities were much less likely to have problems years later [93].  

To summarize, flow is the optimal state of engagement, where engagement meets 

productivity [65], [66]. Maintaining flow in learning is especially significant because it is the 

most reliable indicator for determining successful learning [36], [45]-[48]. This results in 

immersion, concentrated focus and deep learning [65], [66]. One is in flow when one is 

engaged [32] and steady performance has been maintained at the comfortable limits of one’s 

skill limitations [64] for the duration of time. Therefore, performance trend tracking can be 

used as an indicator of flow [64]. This approach has been used in [34], [40], [64], [95], [97]–[100] 

as a model for relating learner affect to user performance in a pre-defined activity/task with a 

known challenge. Conclusively flow, a sub-state of engagement [32], [67], [101], is a suitable 

measure to track and assess the quality of an experience; firstly it can be objectively monitored 

through performance tracking, secondly, through its monitoring, engagement is also 

established. Flow is the optimal state of engagement, where engagement meets productivity. 

Maintaining flow in learning is especially significant because it is the most reliable indicator 

for determining successful learnings [46], [47], [102]. In the absence of learner engagement, 

deep conceptual learning is also not present [51], which is an essential auribute to long-term 

learning and new skill achievement [51]. 

Flow is central to classroom performance and the achievement of learning outcomes [45]-[48] 

which is closely linked with attention [16], [32], [64]. During flow, attention is completely 

absorbed in the task at hand, and the person’s performance is maximized [73], [85]. The ability 

of a person to sustain attention often coincides with inhibition, which increases performance 

[73], [77]. In the next section, we discuss the affect states of learning and how learner skill, 

interacting with learning challenges influences learner affect. 

2.4 Affective states of learning 

Developing an affect sensitive system requires a firm understanding of the relationship 

between skill, challenge and how it influences the learner's emotional state. This helps clarify 

the relationship between learning and affect state and the impact a system could have on 

learning and engagement. There is now an accumulation of evidence to indicate the link 

between affect and cognitive performance and decision-making [103]. The goal to learn and 

understand is associated with an increase in positive emotions like the enjoyment of learning 

as well as a decrease in negative emotions like boredom. Affect can direct attention and 

influence the level of that attention. According to Thompson and McGill [104], affect functions 
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as a motivator, influencing the tendency to approach or avoid a situation as well as how 

information is processed.  

The existence of the link between affect state and achievement suggests that a learning session 

may be improved if the teacher is sensitive and responsive to the emotional state of the learner 

[105]. However, the success of this strategy depends on the skill and experience of the human 

tutor, and there is evidence to suggest that, especially with students with special needs, 

teachers may find it particularly challenging to determine affect state [106].  

Herein, we focus on the affect states identified by D’Mello and Picard to be significant in 

learning [107]. They identified frustration, boredom, and flow to be the most important 

emotions to skill acquisition. The concept of the Zone of Proximal Flow (ZPF) proposed by 

Basawapatna et al. [40] reflects these affect states in a two-dimensional diagram of learner skill 

and learning challenge. They combine independent learning limits and scaffolding from 

Vygotsky’s Zone of Proximal Development (ZPD) with Csíkszentmihályi et al.’s [108] theory 

of flow. Carpenter [109] and Iovannone et al. [110] see engagement as the single best predictor 

of successful learning for children with intellectual disabilities. In other studies the use of 

multimodalities in tracking learner engagement has been explored [21], [34], [53], [95], [97]–

[101], [111]–[121]. These concepts underlie the learning vision in providing an engaging 

learning environment in which students with diverse needs and varying levels of ability are 

supported by assisted learning. However, these studies do not investigate the use of 

Multimodal Multisensor affect tracking on PMLD and CP students. 

The relationship between affect state and learning achievement is crucial for the development 

of the affect-based learning platform. Classroom-related affect states are linked to the 

students’ goal structure and their adoption of specific achievement goal orientations. The goal 

to learn and understand is associated with an increase in positive emotions like the enjoyment 

of learning as well as a decrease in negative emotions like boredom. Adopting a performance-

approach goal—that is, the goal to be better than others—was found to be associated with 

positive emotions. In contrast, the adoption of a performance-avoidance goal—that is, a goal 

not to appear incompetent, stupid, or uninformed in comparison to others—was related to a 

negative emotion like anxiety and hopelessness [63], [122]. However, the relationship between 

goals and affect might not be unidirectional but a reciprocal one as proposed in Linnenbrink 

and Pintrich’s bidirectional model [123].  

In 2002, Linnenbrink and Pintrich described a model of affect in which goal achievement is 

reciprocally related to the learner’s emotional state. In this model (see Figure 4) the learner’s 

personal goals are profoundly influenced by their perception of the Learning Activity (LA) 

challenge. This perception, in turn, has a direct influence on their affective state. Based on the 

broader literature, positive moods predict goal endorsement while negative moods predict 

avoidance goal endorsement. Personal attribution of success or failure in an activity can also 

affect performance interpretation, which in turn affects task involvement [124]. Wong [125] 

found that autonomy orientation [125] was positively related to absorption [124] in school-

related activities. 

This relationship between skill and affect states has been more specifically described in 

Csíkszentmihályi’s Theory of Flow [72], where learner skill and their perception of the task 

challenge lead the learner to a variety of affect states, which he presented in Figure 5. 

Importantly, not all emotions are relevant to learning and parts of the theory of flow are less 

relevant to the scaffolding process in identifying optimal learning experience and the moment 



 

 

  

 

24 

where the learner requires scaffolding intervention. Sidney D’Mello and Rosalind Picard [107] 

conducted a study on the relevance of emotions to learning and found ‘frustration’, ‘boredom’, 

and ‘flow’ to be the most important emotions to skill acquisition. This has reduced the focus 

of the theory of flow to the most relevant and influential states of affect for learning. 

 

  

Figure 4. Linnenbrink and Pintrich’s 

asymmetrical bidirectional model of 

achievement goals and affect. 

Figure 5. Csíkszentmihályi’s theory of flow 

states
1
. 

 

In 1978, Vygotsky investigated the advancement of cognitive understanding by becoming 

interested in the process [126]. The boundaries of learner skill were broken into segments, (1) 

where learners have the capacity to learn independently and (2) assisted learning (or 

instructional scaffolding) from a tutor or a more knowledgeable peer. This second segment is 

known as the ‘Zone of Proximal Development’. 

Only later, in 2013, was it that Basawapatna et al. [40] combined learner skill, independent 

learning limit and scaffolding in the ‘Zone of Proximal Flow’ (ZPF) state change diagram. 

Critically this work provided the first state change diagram to reference both Vygotsky’s ZPD 

and the affective states from Csíkszentmihályi’s theory of flow. Moreover, to adapt this 

diagram to facilitate an educational platform, knowing the limitations of the individual 

learning is important in designating when the platform should mediate and deliver 

scaffolding intervention. To this aim, the ZPD limit to independent learning from Vygotsky’s 

theory has been applied to the ZPF diagram, and we introduce a new diagram seen in Figure 
6 as the complete affective state diagram for learning. The learner’s skill level is displayed as 

the X-Axis, and the task challenge is displayed as the Y-Axis. Unlike Csíkszentmihályi’s flow 

                                                        

 

1 Frank Vandeven, accessed http://frankvandeven.com/getting-into-the-flow-what-does-that-mean/ on 7/3/2018 
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diagram or Vygotsky’s ZPD, a single ZPF graph can be used to track the learner’s progress in 

a learning activity and any permutations of the level of skill or task challenge. 

A learning experience with a learning platform comprises interactions with the learning 

material, the ‘challenge’ of activity, as depicted in the diagram of Figure 7 and will consist of 

learning material with different levels of challenge. The maximum level of challenge observed 

by an external expert judge is used as a baseline for the highest level of challenge in the graph. 

 

In this way, the graph can plot more than one learner. Two ballet students learning the same 

ballet move could be plotted on the same ZPF graph - but importantly setting a global, not 

relative ground truth allows the system to influence the user's movements in the graph with 

only one independent variable, ‘challenge’. The ground truth is set against objective measures 

that can be tested (by the expert or the indicators the expert sets the system to monitor) and 

this monitoring is achieved through performance analytics (correct and incorrect responses 

and response time measures) and affect state tracking. To calculate learner accuracy and 

success, completion time (learning achievement completion time is the time taken to answer 

a question) is tracked alongside the learning material challenge level to determine learner 

performance in relationship with activity challenge, affect state and learner skill level. 

                                                        

 

2 Paul Morsink, TILE-SIG Feature: The “Digitally Enhanced” Zone of Proximal Development, http://literacyworldwide.org/blog/literacy-

daily/2013/09/20/tile-sig-feature-the-digitally-enhanced-zone-of-proximal-development, accessed on 7/3/2018 

 

 

Figure 6. Morsink’s graphical representation of 

The Zone of Proximal Development
2
. 

Figure 7. State diagram from the Zone of 

Proximal Flow theory adapted from 

Basawapatna et al. [40] to include both 

the ZPD lower independent and upper 

scaffolding learning limits. 
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2.4.1 Frustration 

According to the Zone of Proximal Development theory [126], frustration is where the learner 

cannot achieve new learning even with assistance. Studies have found that actors who 

perceive that they lack the skills to take on effectively the challenges presented by the activity 

in which they are participating experience frustration. Simply put, if a learner feels 

incompetent in a given situation, he or she will tend not to be motivated [73]. This is a negative 

experience, and its gravity pulls the learner further into frustration, in a deteriorating cycle 

that hampers the learning process. In this state, the learner is exposed to a hopeless feeling; 

his or her emotional state could be represented by the statement “I do not think anyone can 

help me”. 

2.4.2 Vygotsky zone of proximal development  

The ZPD refers to ‘the state of arousal where the learner can perform an action or skill with 

the aid of a skilled or knowledgeable tutor or in collaboration with more capable peers’[91]. 

This achievement is limited by the ZPD upper limit. However, this limit is dependent on the 

skill of the ‘more knowledgeable peer’ or scaffolding tools. Better tools achieve better results 

as do more knowledgeable peers induce and encourage higher levels of skill achievement in 

others due to their access to higher levels of knowledge. This zone limit has been illustrated 

in Figure 7, with the vertical line. While in this zone, the student with assistance can acquire 

a higher level of skill [127]–[130]. In this zone, the level of challenge provides the optimal 

arousal and engaging experience for the learner to obtain new skills. In this state, the most 

engaging learning experiences for the learner can happen; it is where optimal and deep 

learning opportunities manifest themselves. According to [131] “deep learning is a committed 

approach to learning. It is a process of constructing and interpreting new knowledge in light 

of prior cognitive structures and experiences, which can be applied in new, unfamiliar 

contexts”. Deep learning results in better quality learning and profound understanding. While 

in this zone the student with the assistance of the tutor (instructional scaffolding or assisted 

learning) acquires higher skill and is encouraged to learn and mentally develop [127]–[130]. 

2.4.3 Mihaly Csíkszentmihályi flow 

Csíkszentmihályi first described flow in 1997 [63] as the state where the learners are fully 

immersed, feeling involved and successful. Flow is a delicate state where the skill level and 

task challenge levels are balanced. This state represents the learner state where the learner is 

functioning within their independent capacity, i.e., where the learners find themselves in their 

comfort zone, both in terms of the learning challenge or learning styles. Flow is also the state 

where new learning materializes as a new skill in the mind of the learner, which provides the 

learner an opportunity for reinforcement learning, that carries a successful emotional feeling.  

Skill advancement in flow, however, is limited by the learner’s lower limit of ZPD (the 

maximum a learner can achieve independently), which has been shown with a vertical line in 

Figure 7. Therefore, in order for the learner to achieve new learning outside their independent 

capacity, the learner must eventually leave flow and be led to ZPD, to pursue new learning 

opportunities (i.e., acquire a new skill or to complete competence of a partially acquired skill). 

In either case, in flow or while in ZPD, the learner is limited to the upper level of ZPD, which 

is dependent on the scaffolding tools and scaffolder. 
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2.4.4 Boredom 

Boredom is the state where the learner is not challenged sufficiently. This state can manifest 

through the addition of a dry skill base through lecture-style teaching, or by providing 

interactive activities that do not challenge the learner outside what they have already learned. 

Boredom is a negative feeling, and its gravity pulls the learner further into this state, leading 

to learner disengagement and stifling the learning progress. In this state, the learner’s 

emotional state could be represented by the statement: “let’s do interesting things sooner.”   

In boredom, the low level of challenge relative to skill allows attention to drift. Particularly in 

contexts of extrinsic motivation, attention shifts to the self and its shortcomings, creating a 

self-consciousness that impedes engagement of the challenges. Goetz and Hall review the 

development of learners’ boredom and call it an emotion that is frequently experienced by 

learners and can undermine their learning and performance [132]. 

2.5 Framework for monitoring learner skill and learning challenge  

Measuring student skill is important because it provides an evaluation tool to compare 

student competency between different learning activities. The student skill can be measured 

in a local or global way. In local assessments, the student’s performance is compared in one 

Learning Activity (LA) to determine the level of student achievement and affect state. In global 

comparison, student performance can be compared between LAs and various time intervals. 

These comparisons will be used in determining system adaptation.  

2.5.1 Learning challenge 

From the pedagogical point of view, this is a measure of the skill required to complete an 

activity. In that respect, the unit of Difficulty is the same as the unit of skill. If this was to be 

visualized in a graph (see Figure 8), any challenge above the diagonal of the graph would 

represent an increased challenge and anything underneath the diagonal would represent a 

lower challenge.  

 

Figure 8. LA challenge vs. user skill. 
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For quantifying student performance, Difficulty is an internal measure quantized numerically 

from 1 to 10 that represents the LA challenge setting. This Difficulty does not necessarily 

match 1-1 with the student’s perceived challenge of the task, but it is a simple way of 

representing a LA’s variable challenge levels. 

Linear LA challenge 
LA challenge can be changed by adding more steps to the workload (see Equation 1) or by 

adding more complexity (see Equation 2) 

: + >	?@A	BC?DEC	: + > + F Equation 1 

 

: + >	?@A	BC?DEC	:> + GF Equation 2 

Adding more steps or complexity can be translated into different subjects, for example in 

Geography, challenge can be increased by enumerating the question.  

Which country is in Africa? [Difficulty 1] 

a)   Lesotho    b) Ecuador    c) Guyana   d) Trinidad and Tobago 

Can become, 

Which three countries are in Africa? [Difficulty 3] 

a)   Lesotho, Togo, Djibouti     

b)  Ecuador, Surinam, Eritrea 

c)  Guyana, Burundi, Mauritania 

d)  Trinidad and Tobago, Morocco, Togo 

[Answer – Lesotho, Togo, Djibouti are all in Africa] 

 

Alternatively, complexity can be increased by requiring more detail 

Which country is in Africa? [Difficulty 1] 

Can become, 

Which country is in Africa and on the equator? [Difficulty 2] 
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Alternatively, the mental workload can be increased by offering more possible answers  

 Which country does not belong in this group? [Difficulty 3] 

a)  Georgia    b) Mongolia   c) Cyprus 

Can become 

Which country does not belong in this group? [Difficulty 4] 

a)  Georgia    b) Mongolia   c)   Cyprus    d)   Armenia 

[Answer – Georgia is the only transcontinental country in the list.] 

 

These are simple examples of how to achieve a simple linear progression in question and 

answer challenge - however, in more complex procedural skill acquisition tasks, the number 

of steps required to complete the task could represent the level of challenge, and this can be 

translated to almost any type of activity, for example, the number of steps in solving a physics 

problem, playing a musical score or performing a specific ballet move. 

2.5.2 User Response Value 

The user response outcome can be either ‘correct,’ ‘missed’ or ‘wrong.’ Polarities are assigned 

to the correct and incorrect answers so that the sum shows a better representation of user 

performance over a window of time (see Equation 3). This means between two users with the 

same amount of correct answers, the user with fewer wrong answers is awarded a higher 

accuracy.  

H6+7	I+6J-06+	K125+	 L

	+1					/8	9-77+9.
				0					/8	,/66+!

−1					/8	G7-0P
 Equation 3 

 

Response Time 
Response Time is the amount of time it took the user to respond from the moment a new 

challenge was presented to them. 

User Response Accuracy  
User Response Accuracy is an LA dependent measure for scoring user answers in the LA. It 

is calculated by dividing the sum of User Response Values by the total number of response 

opportunities, including the ones that have not been used (see Equation 4). 
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H6+7	I+6J-06+	Q995719> = 	

∑H6+7	I+6J-06+	K125+	 L

	+1						/8	9-77+9.

				0							/8	,/66+!
−1							/8	G7-0P

T-.12	05,U+7	-8	7+6J-06+	-JJ-7.50/./+6
 

Equation 4 

 

User Response Rate 
User Response Rate is the ratio of challenges the user responds to (with either a correct or a 

wrong response) to the number of missed challenges (see Equation 5). The challenges 

included in this evaluation are the only ones that require a user response distinctively. For 

example, no response at all is required for a correct response; this challenge cannot be included 

in this assessment.  

 

H6+7	I+6J-06+	I1.+ = 	
H6+7	I+6J-06+6	.ℎ1.	17+	9-77+9.	-7	G7-0P

H6+7	7+6J-6+	-JJ-7.50/./+6	.ℎ1.	17+	,/66+!
 Equation 5 

 

2.5.3 Skill 

Skill is an LA dependent user attribute that represents the average level of challenge the user 

has successfully mastered in each LA.  

Measuring Skill 
To calculate user Skill in a LA, User Response Accuracy for each LA challenge level will be 

looked at not as a percentage but a value towards the completion of the LA challenge scale 

(see Figure 9) calculated in Equation 6. In this way, 100% of LA challenge is looked at as 100 

points, and 90% of LA challenge is looked at as 90 points, and so on. The sum of these points 

becomes the average skill performance of the user in this LA.  

 

Figure 9. Average LA Skill. 

 

56+7	VW/22	/0	1	XQ = 	
∑ H6+7	I+6J-06+	Q995719>YZ[	\]	^_``_abcde

100
 Equation 6 
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Using Equation 6 for the above example shown in Figure 9 we have: 

 

56+7	VW/22	/0	1	XQ =
100	 + 	90	 + 	70	 + 	60	 + 	50		 + 	10	 + 	5

100
= 3.85 

 

User Skill can be used to compare user knowledge between two LAs from the same activity. 

Given that an LA can be implemented through different learning tasks the user’s Skill in every 

LA is equal to the maximum value of Skill in its tasks (LAi) seen in Equation 7. 

56+7"6	VW/22	/0	1	XQ = 	l1:/,5,	-8	{XQnVW/22, XQpVW/22, XQqVW/22 … } Equation 7 

  

Prior Skill 
Prior Skill is a user attribute that represents the user’s previous level of knowledge. Prior Skill 

is both LA and time-dependent and is measured by calculating user LA Skill for a range of 

time in the past. A pedagogical expert that has knowledge could define this range and past 

experience of the user’s learning rate. For learners with slower learning rates and longer LA 

Completion Times (see Equation 10 for LA Completion Time) this time range should be 

respectively longer as well. 

Aptitude 
Aptitude is a user attribute that represents the ratio of current Skill as a percentage value of 

Prior Skill and it is LA dependant (see Equation 8). 

QJ./.5!+	/0	1	VXQ = 	
VW/22

t7/-7	VW/22
	∗ 100% Equation 8 

 

This user attribute will be used alongside other sensor information in the 4 state Zone of 

Proximal Flow (ZPF) classification. Because Aptitude is a reflective value on past best 

performance, it has information on the state of the current user performance. Aptitude 

highlights whether the user's Response data is affected by boredom, fatigue or inattention. 

Performance  
User Performance is a local assessment of the speed of LA achievement. In other words, it 

demonstrates the rate of successful task completion. This is a descriptive attribute of user Skill 

and is dependent on the LA and the Difficulty settings involved. We define performance in 

Equation 9. While Skill gives a value to the overall user knowledge achieved in an LA, 

Performance gives a rate for those achievements.  

t+78-7,109+ = 	
w/88/952.>

I+6J-06+	T/,+
	× 	H6+7	I+6J-06+	K125+ Equation 9 
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Performance can be used to compare the rate of user Skill achievement between LAs, and even 

between learners or different scenarios. Due to its dependency on LAs, it cannot be used to 

compare user Skill between two learners in two different scenarios - but it can be used to 

compare the ability of each user in their own scenario.  

For example: 

User A has a Performance of 70 in LA1, and user B has a Performance of 50 in LA2. This does 

not mean User A is more intelligent or capable than User B. However; it does mean that User 

A is performing better and achieving more of LA1 than User B is achieving in LA2. This 

comparison reflects on the qualitative experience of User A, where User A is more confident 

and capable in LA1 than User B is in LA2.  

Completion Time 
Completion Time is the time the user spends on the LA (see Equation 10). Specifically, the 

total time the user spends responding to answers, inclusive of correct, missed and incorrect 

responses before the current LA has been completed to a satisfactory level in which the system 

can move to the next LA. The user does not need to take a linear progression through the LA; 

they can skip LA Difficulty levels or even drop down some. 

VXQ	4-,J2+./-0	T/,+ = 	y y I+6J-06+	T/,+

%_``_abcde	cZzZc\]

 Equation 10 

 

Overall Performance 
The Overall Performance is a global assessment of the average speed of task completion for 

mixed LAs (Equation 11). Overall Performance is dependent on the LAs involved and can be 

used to compare a single user performance between LAs and different sessions.  

H6+7	{|+7122	t+78-7,109+ = 	
∑ ∑XQ	w/88/952.>}\]

∑ VXQ	4-,J2+./-0	T/,+
 Equation 11 

It cannot be used in mixed LA comparisons unless the LAs in both samples are the same. In 

addition, similar to Performance, Overall Performance cannot be used to compare two 

learners, unless the LA samples are the same. 

2.5.4 Performance comparisons 

Local comparisons 
Local comparisons are used to visualize the current user performance to previous steps. To 

determine if the user is performing better than moments ago, or if their performance is 

degrading. This type of comparison is useful in making an adaptive adjustment while the user 

is still interacting with the learning experience. User Performance can be evaluated in real-

time for the current interaction and then a near point comparison could establish if the user’s 

performance is degrading or improving. A comparison of user performance in two different 

levels of difficulty (A and B) is shown in Figure 10 for a single LA. 
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Figure 10. Local comparisons can be made within the same LA with different Difficulty 

levels. In this graph, a user’s performance is shown for the same LA first with Difficulty A, 

and later with Difficulty B. 

 

This comparison is restricted to interactions with LAs with the same challenge from the same 

LA, making it less useful to compare performance differences between LAs with two different 

levels of Difficulty. For cases where LA challenge comparison is required, a Global 

comparison method is more appropriate. 

 

Global comparisons  
A global comparison is used to compare user performance between sessions. It is different 

from a local comparison because it facilitates the comparison between user sessions of mixed 

LA Difficulty. Global comparisons could be used to determine three evaluation types. 

1. Performance comparisons 

2. Progress comparisons  

3. Response Accuracy comparison  

Performance comparison 
Global performance comparison can demonstrate improvement or a decline in the user 

performance from one LA challenge to the next, or it could be used to make comparisons 

between user performance from one LA to the next. An appropriate index for this comparison 

is Overall Performance. Overall Performance has restrictions on the LA sample if a 

comparison is being made, both sides of the comparison are required to use the same LAs as 

seen in this example (Equation 12). 

{|+7122	t+78-7,109+	6+66/-0	1\]~ > 	{|+7122	t+78-7,109+	6+66/-0	2\]~ Equation 12 
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Progress comparison 
Progress comparisons can be used as a tool to understand what range of knowledge from one 

LA has been completed and compare that to another LA. An appropriate index for this 

comparison is Skill. With Skill, user progress in an LA can be evaluated. Skill can be used to 

compare progress on mixed LA paths. This information could be used in evaluating the non-

linear learning progression and to determine the level of progression in each Learning Goal.  

For example, if the user has completed some of XQn and XQp belonging to Learning Goal A 

and XQq and XQÅ belonging to Learning Goal B, the user Progress between the two Learning 

Goals could be evaluated using the total Skill acquired (Equation 13). 

XQnVW/22 +	XQpVW/22	 > 	 XQqVW/22 +	XQÅVW/22 Equation 13 

Response Accuracy comparison 
Response Accuracy can be a useful feature for detecting user affect state and determining 

when a user has reached an accuracy threshold. This threshold can be used to assess when a 

user has shown significant correct responses to challenges. When a user reaches the required 

accuracy threshold, they have acquired that Difficulty level in Skill. This threshold can be set 

differently for LAs in varying Learning Goals. 

A comparison can also be used to evaluate the different levels of LA Difficulty with each other 

(as described in 0), or between learners to determine which user has progressed further in a 

collaboration scenario.  

Reporting values 
In any comparison, either local or global there may be a difference in sample quantity. For a 

robust evaluation, sample quantity must be taken into account for any reporting and 

comparison. For example, for a similar confidence level of 95%, a sample quantity of 50 values 

results in a confidence interval of only ±3.24, while a sample size of 5, would nearly triple that 

interval to	±10.24.  

The range for the true population mean of 5 samples is 90	±10.24, while for 50 samples it is 

only 90	±3.24. 

Therefore, with more samples, the precision of the assessment is much higher, and the 

evaluation, in turn, becomes more representative. This demonstrates the importance of always 

reporting any evaluation or comparison with confidence intervals. 

The formula for confidence interval is shown in Equation 14: 

4-08/!+09+	Ñ0.+7|12 = F∗
Ö

√0
 Equation 14 

Where Ö is the standard deviation and n is the sample size. F∗ (or z-score) is the confidence 

coefficient and can be looked up from Table 2 for the desired level of confidence.  
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Table 2. Confidence level to Confidence Coefficient lookup table 

Confidence 

Level 

F∗ 

.7 1.04 

.75 1.15 

.8 1.28 

.85 1.44 

.9 1.645 

.92 1.75 

.95 1.96 

.96 2.05 

.98 2.33 

.99 2.58 

 

Because a normal distribution never changes to simplify things, often a lookup table is used 

to find out the z-score of data points in a normal distribution. 

2.5.5 Tracking flow through performance 

Supporting learner engagement is important for deep learning and skill achievement. 

Students who are not engaged can become frustrated or bored, which can have a negative 

effect on achievement and lead to disruption in the classroom, which influences the learning 

of others. Importantly, many learning processes depend on a simple ‘text’ for the transfer of 

knowledge and evaluation. A single mode of learning can have limitations. For example, for 

a dyslexic student that has a reading-related learning disability, the single source of 

information transfer, therefore, becomes a problem [50]. Universal Design for Learning 

recognizes this problem [133] by embracing the pupil learning diversity by offering multiple 

means of learning accessibility. Multi-media learning platforms can use audio, audio text, 

video and tangible objects in a smart learning environment to offer the student a choice of the 

most accessible formats. This allows for multiple means of recognition, expression, and 

engagement [50], [133]. Multi-media approaches to learning resources are best demonstrated 

in the use of computer-mediated learning where educational games are developed around the 

learning outcomes and aims. This approach, which is not new, was shown in a systematic 

review of 129 papers by Connelly et al. [134] and showed playing educational games impacts 

across a range of areas including engagement, cognitive ability and, most commonly, 

knowledge acquisition and content understanding. 

Zone of Proximal Flow state transitions for optimal learning   
How do we apply affect knowledge to a learning platform? Guided by the affected state and 

the ZPF state diagram of a learner (Figure 11 and Figure 12), the appropriate level of learning 

material challenge in order to maintain an optimal learning condition where both flow, and 

Skill Achievement, are maximized, can be determined. ‘Flow’ and ‘ZPD arousal’ learning 

states are the active learning states of the learner. New skill acquisition and skill uptake 



 

 

  

 

36 

maximization happen in ZPD while maintaining the learner in the state of flow and providing 

the opportunity for reinforcement learning (as visualized in Figure 11), which can solidify 

skills acquired during the learning process and enhance the learning experience itself. 

Although new skill is not acquired in flow, a slow parallel growth over the long term, with 

the increase of the level of challenge, introduces an increase in learner skill. This is however 

limited to the lower ZPD independent learning limit, and to increase skill further beyond that, 

the learner must enter the ZPD. 

Any learning material challenge adaptation processes need to maintain the learner in the 

optimal path, as portrayed in Figure 11. The optimal path is the one with the shortest 

forecasted achievement time and one that facilitates the most positive affect states. This path 

must take the learner through arousal and avoid boredom or frustration. It should start at the 

lower limit of the ZPD (familiar base) to avoid unnecessary repetition while allowing the 

learner to remain in the state of flow to enable the reinforcement of acquired knowledge 

(reinforcement learning) visualized in Figure 12. This loop of leaving flow and entering the 

ZPD (shown as a snakelike pattern in Figure 11) should continue until the maximum possible 

skill achievement is obtained (highlighted by the upper ZPD limit). The caveat being that the 

‘familiar base’ (starting concept) should be challenged for specific learners with a disability to 

re-evaluate previously established learning outcomes. 

 

 

 

Figure 11. Optimal learning experience loop 

in ZPF diagram adapted from Basawapatna 

et al [40]. 

  Figure 12. State change is paused while 

reinforcement learning takes place adapted 

from Basawapatna et al [40]. The ZPD 

lower limit is moved to reflect the new skill 

achievement.  

 

This process is a delicate one, when the learner is in flow, a continuous effort to push the 

learner out of their comfort zone and into the ZPD zone by challenging them to higher levels 

of challenge will stimulate the learner. However, if the learner is projected too far into arousal, 

the learner becomes frustrated. By monitoring the learner affect state and learner skill level, a 
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learner can oscillate between the ZPD and the state of flow with new skill materialization. As 

a result, a new concept materializes as the learner’s skill with just-in-time principles as 

displayed in Figure 12 as a circle in the green area. Adaptive learning requires continuous 

monitoring of learner affective state and LA progress. The learning path is far more engaging 

and optimal, and the learner is always in a positive affect state. Maintaining the learner in the 

state of flow provides the opportunity for reinforcement learning. 

To conclude, the broader literature shows that there is a strong relationship between learning 

goal outcome achievement and a learner’s affect state. Positive affect state has been shown to 

encourage greater learner outcomes and sustained engagement, which lead to deep learning 

and long-term skill retention. Prior skill, learning challenge and learner performance are 

quantifiable characteristics of the learning experience. They can be used to determine the 

learner affect state through the mapping of the Zone of Proximal Flow (ZPF) state diagram. 

This is important to this work, as it provides a quantifiable base to track learner affect by 

measuring their performance, at a known level of challenge. In the next section, we discuss 

existing methods of affect assessment for learners with disabilities, which are prone to inter-

rater reliability issues and cannot be automated.  

2.6 Challenges with understanding learner affect with disabilities 

Abrams (1986) stated [135], "The vast majority of children with learning disabilities have some 

emotional problem associated with the learning difficulty.” Traditionally, however, teachers 

have prioritized the diagnosis and remediation of learning disabilities [136]. Empirical data 

suggest the critical need to deal with the emotional aspects of learning difficulties and of 

course this depends on reliable methods of determining this state. PMLD and CP require 

assistance with a variety of daily activities and, depending on the level and types of difficulty, 

have challenges with their cognitive and motor functions and speech. Care workers and 

teachers rely on their interpretations of the levels of engagement and interest to personalize 

these experiences for them. This is even the case when using well-defined engagement Scales 

(e.g., SSAT Engagement Scale [137], [138]) as the ratings for each component of the scale are 

still subject to inter rater interpretation. 

Studies have considered self-reported affect states as the ground truth for inter-rater 

agreement studies [41], [139]. These studies have looked at the level agreement and correlation 

between self-rated affect states and peers, clinicians, and long-term partners. The level of 

correlation even though significant between the 40
th

 and 70
th

 percentiles [41], [139], still leaves 

room for improvement. In addition, self-rated affect states may carry bias or not be 

representative of the true affect state. Therefore, an automated method that would base its 

ground truth on self-rated affect states would thus be impacted by such bias and unknown 

reliability factors. The validity of a machine learning method based on clinician, or peer-rated 

affect states would inherit even greater bias, reliability, and interrater reliability uncertainty, 

as it is one more level separated. Importantly, a machine learning method with 100% 

classification accuracy trained with clinician-rated affect data would at best achieve around 

70% correctness of the self-rated affect states. Furthermore, the self-rated affect states may 

themselves have a bias or be unrepresentative. This creates a problem for both the clients and 

care workers as it has been shown that observation is not a reliable method of determining a 

person’s mood and affect state [6]. This can only be more intensified with PMLD or CP, as 

their behaviors, body language and voice may not have the same cues as mainstream people. 
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Moreover, the levels of skill and experience between care workers and teachers vary widely, 

as does their capacity and accuracy of interpretation of others’ behaviors. This uncertainty of 

interpretation and inaccuracy in the observation of the affect state of a person experiencing 

PMLD or CP (mood and emotional well-being) can be detrimental to their quality of life [5], 

[7], [8]. Hence, the well-being of a student with PMLD or CP can be improved if their levels of 

interest and engagement could be determined and tracked by more independent and 

repeatable means, such as using technology, and in our case sensors. This added interpretation 

of a student’s state of affect is not meant to replace teachers’ or carers’ interpretation, but more 

to augment this judgment. Monitoring a person's level of interest and engagement in an 

activity allows carers, teachers, and parents to be responsive to those levels. An objective 

approach to the reporting of engagement is the use of a standardized test to monitor for 

indicators of flow.  

We demonstrate the possibility of tracking and then modeling body movements, eye-gaze, 

Electroencephalogram (EEG) and interaction data from learners with PMLD and CP to track 

their level of attention, as a good indicator of what interests them and positively influences 

the quality of that experience. In this study, we investigate the ability of sensor-based 

technology to detect and track sustained attention in a repetitive demanding activity, with a 

Multimodal Multisensor platform. This allows us to make inferences on the attention level of 

the student throughout the length of the activity through their responses to the challenges 

presented in the repetitive activity. 

2.7 Continuous Performance Test and Signal Detection Theory 

The CPT was first introduced by Swanson as a standardization of the SDT in the 80s [15][140] 

to study vigilance and sustained and selective attention in children with learning difficulties. 

The CPT is reported to be the most popular measure of sustained attention or vigilance [15]—

the ability to sustain attentional focus and remain alert to stimuli over time [141], [142]. The 

basic paradigm of a CPT involves selective attention or vigilance for an occurring stimulus [1]. 

A rapid presentation of continuously changing stimuli (like letters, numbers or images) is 

presented on a display among which there is a designated “Target ” pattern [143], which the 

participant is tasked to respond to (e.g., a button press) [142], [144]. The duration of the task 

varies, but the task is intended to be of sufficient length to measure sustained attention. The 

CPT slide is also called a SDT trial or signal [145]. The SDT Target is also called an SDT primer 

[146]. The SDT noise trial is also called a distractor cue [146]. In this work, we present two 

types of distractor cues, the Imitation and the contrast, see section 3.2, Experimental platform. 

Significant correlations between CPT scores and teacher ratings of inattention, impulsivity, 

and hyperactivity have been established [147]–[149], thus providing some evidence of the 

affective relation and validity of these measures as indicators to the user’s affect state. 

Therefore, there is an opportunity to use the CPT scores to label a Multimodal Multisensor 

data stream. This could then be used as an objective measure of learner attention to support 

teachers. From the CPT, typically three scores are derived: (a) the total number of Hits (Correct 

Commissions), (b) the number of Target stimuli Missed (Wrong Omission), and (c) the number 

of non-Target stimuli to which the subject responded (False Alarms). The total Hits and 

Correct Omissions are seen as measures of sustained attention whereas False Alarms are 

linked to impulsivity [150], [151].  
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Signal Detection Theory or SDT is the basis for learner performance analysis in the CPT. SDT, 

a theory initially developed to qualify radar detectors by Marcum in 1947 [14], was later 

theorized by Peterson, Birdsall, and Fox in 1954 [152] and adapted as a psychological theory 

by Tanner and Swets in the same year [153]. It was only in the 90s that SDT was expanded 

with analytical methods to evaluate bias in detail, by Swets and Pickett [154] and by Macmillan 

and Creelman [155]. A CPT is made of SDT trials. The trials can either be signal + noise or just 

noise. The amount of noise in the trial is what determines the challenge of the trial. On signal 

trials, yes responses are correct and are designated hits. On noise trials, yes responses are 

incorrect and are termed False Alarms. The hit rate is the probability of responding yes on 

signal slides and the false-alarm rate is the probability of responding yes on Imitation Target 

or Contrast slides [145], [156]. An example of a CPT outcome is shown in Table 3. For the rest 

of this section we use the numbers in this table to calculate the SDT analytical methods.  

Table 3. Confusion matrix example outcomes of a CPT. 

 ⇓ What is on screen ⇓  
⇓ Student 
Response 

⇓ Target ⇓ ⇓ No Target ⇓ Total 
participant 
decisions 

⇓ 
Participant Press 

⇒ 
Hit or Correct Commission 

(CC) = Participant presses 
and there was a Target on 

the screen. 
25 

FAR or Wrong Commission 
(WC) = Participant presses and 

there was No Target on the 
screen. 

7 

Total 
Presses 
(TP) ⇓ 

32 

Participant 
Omission ⇒ 

Miss or Wrong Omission 
(WO) = Participant 

Omission and there was a 
Target on the screen. 

3 

Correct Omission (CO) = 
Participant Omission and there 
was No Target on the screen. 

13 

Total 
Omissions 

(TO) ⇓ 
16 

Total slides⇒ Total Targets (TT): 28 Total Imitations (TI): 20 48 
 

SDT has often been used as a means to assess learner characteristics [148], [149], [157]–[160], 

especially attention, vigilance and inhibition in learning disabled and CP population [1], [15], 

[140], [143], [150], [158], [160]–[172]. The CPT and commercial versions (‘TOVA’ and ‘QbTest’) 

of it have been used to detect attention and inhibitory control and to diagnose Attention 

Deficit Hyperactivity Disorder (ADHD) [16], [173]–[176].  

In this study, we have adopted the basic requirements for the CPT and the constructs of the 

methodology but adapted the test to facilitate our PMLD and CP learners. Using Signal 

Detection Theory (SDT) [14], [15], [140], [152]–[155], quantifiable objective data on the 

improvement or deterioration of attention is collected and analyzed using SDT analysis theory 

detailed in [154], [155].  

2.7.1 Hit rate 

Hit rate (H) is the probability of a yes response given the Target is present. H can vary between 

0 and 1. H is calculated in Equation 15.  
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â = 	t	(>+6|J7+6+0.) =
Correct	Commissions

T-.12	T17P+.	62/!+6
 

 

Equation 15 

For the example from the confusion matrix: H = 25/28 = .89 

2.7.2 False Alarm Rate 

False Alarm Rate (FAR) [also shown as F or FA] is the probability of a yes response given the 

Target is absent. FAR can vary between 0 and 1. FAR is calculated in Equation 16. 

óQI = 	t	(>+6|1U6+0.) =
Wrong	Commissions

T-.12	0-0	T17P+.6	62/!+6
 

 

Equation 16 

For the example from the confusion matrix: FAR = 7/20 = .35 

2.7.3 Sensitivity '′  

Sensitivity was introduced by Swets and Green in [177], and is a measure of the quality of 

participant performance in a CPT or, in other words, the ability of a participant to maintain 

sustained and selective attention is represented by !". It is measured in standard deviation 

units [154] and is the distance between the center of the normal distributions of Correct 

Commissions (CC) and Correct Omissions (CO) seen in Figure 13. The formula for !′ can be 

seen in Equation 17, where F is the z-score or the z transformation, a function that transforms 

probabilities to normal distribution units. A perfect participant would have a Hit rate (H) of 1 

and a False Alarm Rate (FAR) of 0 and would have a !" of +∞. Elliott tabulated a measure of 

sensitivity (!") in [178]. 

!" = 	F(â) − F(óQI)  Equation 17 

 

 

Figure 13. Response criterium of the participant. 

 

A z-score is a measure of how many standard deviations below or above a population mean 

a data point is. The area under the normal distribution from the left tail is equal to the 

probability of a complete distribution falling within this range. It is logical that the total area 
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under the normal distribution is 1 (100/100) because 100% of the total distribution exists under 

the general area of the normal distribution. The z-score of any given raw value (:), in other 

words, is the probability that all values are equal to or less than x. This probability, as 

discussed, is also equal to the area under the standard normal curve from the left tail to the 

vertical value of x, as shown in Figure 14. A table of z-score conversions is seen in Table 2. 

 

Figure 14. A z-score is a measure of how many standard deviations below or above a 

population means a data point is. 

 

Alternatively, there are commonly built-in functions that calculate the z-value in excel and 

popular programming languages. For example, in the Python programming language [179] 

there is the property density function [33], which can be used to calculate !" as shown in 

Equation 18. 

import scipy.stats as st 
 
def d_prime(H, FAR): 
  ZH = st.norm.ppf(H) 
  ZFAR = st.norm.ppf(FAR) 
  d_prime = ZH - ZFAR 
  return d_prime 
 
# returns 1.6119 
print(d_prime(0.89, 0.35)) 

Equation 18. Python function that uses the scipy.stats library to calculate '" using the z-score 

values of H and FAR. 

 
In the absence of a built-in function for z-value, an algorithm for approximating the z-values 

has been presented by Bromphy (and described in his 1986 paper) [178]. The maximum 

absolute error of z-values estimated by the program is .00020, the maximum absolute error of 

Beta bias values calculated by the algorithm is .0003  [180] and the values of d' have a 

maximum absolute error of .0004. Bromphy’s algorithm from the original in Basic is translated 

to Python in Equation 19. Using the values from the confusion matrix (H = .89, FAR = .35), we 

have !" = 1.61. 
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import math 
 
h = float(input("What is the Hit rate:"))  
fa = float(input("What is the False Alarm Rate:")) 
# Bromphy's estimation algorithm 
def z_value(prob): 
  if prob > 0.5: 
    prob = 1 - prob 
    k = 1 
  else: 
    k = -1 
 
  if prob < 0.00001: 
    z = 4.3 
  else: 
    r = math.sqrt(-math.log(prob)) 
    z = (((2.321213*r + 4.850141)*r-2.297965)*r-2.787189)/((1.637068*r+3.543889)*r+1) 
   
  y=1/math.sqrt(2*math.pi)*math.exp(-z*z/2) 
  z=z*k 
  return [z,y] 
 
# Calculate the Bommphy estimations for d-prime and bias 
print('ZH Bromphy=', z_value(h)[0]) 
print('ZF Bromphy=', z_value(fa)[0]) 
print('d prime estimation Bromphy=', z_value(h)[0]-z_value(fa)[0]) 
print('beta estimation Bromphy=', z_value(h)[1]/z_value(fa)[1]) 

Equation 19. Bromphy d’, Beta bias and C calculation translated from Basic to Python. 

2.7.4 Bias  (′′) 

Bias represented by #′′%	 [181] is a way of measuring whether a participant is liberal or 

conservative in their Commissions against the signal. It is a good way of contrasting the 

participant outcome result against how much risk they are willing to take. For example, low 

mistakes could mean the user has not made many attempts (if they are conservative) and a 

high Hit rate could mean they are always pressing the button (if they are liberal). Neutral bias 

(no bias) is indicated by #′′% 	= 0. When â + óQI = 1, #′′%	 (bias) is always neutral (or 0). 

Negative numbers represent liberal bias, positive numbers represent conservative bias, and 

the maximum in either direction is 1.0. The formula for #′′% is represented in Equation 20. 

Bias outcomes are shown in Table 4. The outcomes of bias for learning disabled students are 

reported to be more conservative and mainstream students are more liberal [1], [143], [151].  

#′′% =
[(1 − â)(1 − óQI)	− 	â × óQI]

[(1 − â)(1 − óQI)	+ 	â × óQI]
  Equation 20 

 

Table 4. Bias outcomes of SDT. 

#′′% < 0 (Liberal) #′′% = 0 (neutral) #′′% > 0 (Conservative) 

 

If H and FAR are plotted in a two-dimensional plot, the diagonal across would be where 

neutral bias is separated from the conservative and liberal biases. The dynamic of how bias 

interacts with H and FAR is shown in Figure 15. The higher the Hit rate and the False Alarm 

Rate the more liberal the participant is and the lower the Hit rate and the False Alarm Rate, 
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the more conservative the participant is. SDT trials that have outcomes of equal Hit rate and 

False Alarm Rate are considered to have a neutral bias (#′′%).  

 

 

Figure 15. Bias shown with respect to H and FAR. 

 

 

Figure 16. Bias graph for H value .89 and FAR value .35. The graph shows that the user has a 

liberal bias.  

Neutral bias (no bias) is indicated by #′′%	 = 0. When H + FAR = 1, #′′%	 (bias) is always neutral 

(or 0).  
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Negative numbers represent liberal bias, positive numbers represent conservative bias, and 

the maximum in either direction is 1.0. 

Using the values from the confusion matrix (H = .89, FAR = .35) for #′′%	 we have: 

#′′%	 = [(1-0.89)(1-0.35)-0.89*0.35]/[(1-0.89)(1-0.35)+ 0.89*0.35] 

=(0.11*0.65-0.3115)/( 0.11*0.65+0.3115) 

= -0.24/0.383 = -0.63 

The Bias graph for this example shown in Figure 16, describes a user with better than chance 

signal detection ability and a liberal bias.  

2.8 Motivations for tracking attention using CPT outcomes 

In the Literature review, we discussed the challenges of tracking engagement levels of learners 

with PMLD/CP. There are paper based methods [182], [183] but they require subjective 

observer or peer rated values that are subject to inter-rater reliability. This has been shown to 

cause attribution errors [6] which in turn lowers PMLD and CP care quality [5], [7], [8]. These 

assessment scales are only suitable as a global measures, and are not suitable to moment to 

moment tracking of learner engagement state [182]. To assess learner experience quality, we 

look to flow.  

There are many studies in the literature that relate flow a closely related affect state of 

engagement to greater learning outcomes [73]. One is in flow, when one is engaged [32] and 

steady performance has been maintained at the comfortable limits of one’s skill limitations 

[64]. Maintaining flow in learning is especially significant because it is the most reliable 

indicator for determining successful learning [36], [45]-[48]. This results in immersion, 

concentrated focus and deep learning [65], [66]. Flow is central to classroom performance and 

the achievement of learning outcomes [45]-[48] which is closely linked with attention [16], [32], 

[64]. During flow, attention is completely absorbed in the task at hand, and the person’s 

performance is maximized [73]. The ability of a person to sustain attention, is often coincides 

with inhibition, which increases performance [73], [77].  

Tracking attention is important to this work as it is an indicator of performance, and flow, 

which is linked to greater academic outcomes. When Attention is completely absorbed in the 

task at hand, the person performs at their greatest capacity [73], [84]. Studies have found direct 

correlation between attention and academic performance[85]. The ability of a person to sustain 

attention, is often combined with self-control and inhibition, which enormously increases 

performance [65], [66], [73], [77]. Studies have found a strong positive relationship between 

flow and performance. For example, flow is positively associated with artistic and scientific 

creativity [86], [87], effective teaching [66], learning [88] and peak performance in sports [89], 

[90]. This positive relationship between flow and skill development has been demonstrated in 

a number of studies in which students were tested in a school environment achieving a higher 

grade point average (GPA) [73], [88], [90], [92]. 

Therefore, performance trend tracking can be used as an indicator of flow [64]. This approach 

has been used in [34], [40], [64], [95], [97]–[100] as a model for relating learner affect to user 



 

 

  

 

45 

performance in a pre-defined activity/task with known challenge. Continuous Performance 

Tests are test that track sustained attention (vigilance), selective attention [147], [160], [165], 

[184]–[186] and inhibition [147], [184], [185], [187], [188]. Commercial versions of the CPT; 

QbTest [189], Test of Variables of Attention (T.O.V.A.) [176] and Conners CPT3 [190] are used 

to detect Attention Deficit Hyperactivity Disorder (ADHD) by tracking hyperactivity and 

inattention [191]. The SDT and CPT outcomes; Misses and False Alarms, mean reaction time, 

!" sensitivity and #′′% bias have also been used to understand learner cognitive processing 

ability [1], [192], [193]. CPT outcomes such as Misses indicate inattention and False Alarms 

measure impulsivity [150], for a more detailed overview see section 2.7. Greater CPT outcomes 

have also been related to academic achievement [158], [194]. Others have used the concept of 

continuous performance monitoring of game outcomes as a method to infer affect state [40], 

[64], [80], [97], in combination with the ZPF theory [40]. The CPT has also been used in 

combination with body pose and head tracking data to track attention [195], in another study 

CPT was used to label multimodal sensory data with objective attention labels [196]. 

For these reasons we propose a Multimodal Multisensor platform incorporating a CPT. The 

development of the Multimodal Multisensor platform using the CPT test outcomes as 

objective labels for the sensor data, will assist the creation of a model of participant attention. 

Multimodal Multisensor data is collected and labeled using Signal Detection Theory outcomes 

from a Continuous Performance Test. Features are then extracted and used in a machine 

learning model to classify participant moment-to-moment attention state (RQ1). Longitudinal 

SDT and CPT data is analyzed for correlations with participant physiological characteristics 

and academic scales (RQ2). The development of an Multimodal Multisensor sensory platform 

addresses the limitation of previous approaches with PMLD/CP learners, that required 

observer rated outcomes, that provided only global outcomes. Consequently, this approach 

minimizes subjectivity and provides an objective, automated measure for attention 

classification. 

2.8.1 Multimodal advantages and studies 

The detection of affects is an important problem of pattern recognition that has inspired 

researchers from various fields. A study assessed 90 peer-reviewed Multimodal Multisensor 

(MM) systems, the review indicated that the state of the art mainly consists of person-specific 

models (62.2%) that fuse audio and visual (55.6%) information to detect acted-out expression 

of basic emotions (52.2%) and simple dimensions of arousal and valence (64.5%) with feature- 

(38.9%) and decision-level (35.6%) fusion techniques [38]. 

Multiple sources of sensor data can be combined to improve the identification and 

classification of affective states [38]. One example of such an approach demonstrated 

improved classification results when, comparing single modality data to multimodal data in 

visual emotion recognition from face and body sensor data [197]. Over 85% of the studies 

reviewed resulted in the improvement of classification outcomes compared to single modality 

[38]. This provides important evidence that multimodal classifiers outperform single modal 

alternatives. 

While single modality detection involves the use of a single mode of sensor data (e.g., eye-

gaze, facial features, body pose), Multimodal Multisensor systems fuse two or more 

modalities for affect detection. However, collecting Multimodal Multisensor data is not 

without its challenges. Björn Schuller proposes additional stages [198] in "Multimodal Affect 
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Databases—Collection, Challenges, and Chances." The chapter discusses the challenges of 

collecting and annotating affect data, particularly when more than one sensor or modality is 

used. Schuller's 10 steps highlight the most important considerations and challenges, 

including (1) ethical issues, (2) recording and reusing, (3) meta-information, (4) synchronizing 

streams, (5) modeling, (6) labeling, (7) standardizing, (8) partitioning, (9) verifying perception 

and baseline results, and (l0) releasing the data to the broader community. D’Mello et al. report 

the main challenges as the following: (a) deciding which modalities to combine; (b) collecting 

Multimodal Multisensor training data; (c) handling missing samples, fusing different sample 

rates, and retaining modality interdependence when training models; (d) determining the 

fusion strategy between different modalities; and (e) deciding how to evaluate Multimodal 

Multisensor affect models [38].  

Moreover, the process of recovering the user intent through multiple different input sources 

and their potential combination, known as “multimodal input fusion,” presents several 

challenges to be overcome before multimodal interfaces can be experienced to their fullest. 

Firstly, designing computer architectures to manage parallel Multimodal Multisensor input 

streams efficiently, as well as to maintain a reliable and stable connection between sensors and 

platform across the multiple connection types (LAN, Bluetooth, USB). Secondly, the type of 

data to be managed by a Multimodal Multisensor system may originate from a variety of 

different sources. For example, in this study, an EEG device connected via Bluetooth is 

sending surface skin voltage readings along the forehead, and an eye-gaze tracking device is 

relaying coordinates relative to the eye-gaze focal point at a fixed corner on the monitor screen. 

The redundancy of Multimodal Multisensor data is one of the strengths of multimodal 

interfaces. 

However, Multimodal Multisensor systems have many advantages over their single mode 

counterparts. The advantages of a Multimodal Multisensor approach to affect detection 

include (a) capture of higher dimensionality of human affective expression, (b) data 

redundancy against occlusion and data fall-out, and (c) a potential solution to signal noise 

which is more prevalent in single modality approaches [199]–[201]. The ability to create a 

higher dimensionality in the feature space by using multiple signals and their 

interdependence gives way to the creation of models that more accurately mimic the true 

nature of human affective expression [38]. Also, single modal systems are affected more 

severely by occlusion or data dropout [38]. For example, in an affect detection system that uses 

facial expression, the model becomes unreliable when the user’s face is turned away from the 

system or is covered (occluded) by an object. However, a Multimodal Multisensor system 

would be able to use other sensors to recover sensory data and provide a more continuous 

affect detection by basing their decisions on the existing channels. 

Studies have surveyed the existing Multimodal Multisensor studies and presented meta-

analysis [21], [25], [38], [102], [202]–[204]. Examples of some of these affect sensitive 

Multimodal Multisensor systems were included in the context of the literature review but here 

we list some of the most relevant studies: 
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Self, peer or expert annotated studies  
1. The system of Lisetti and Nasoz [205], which combines facial expression and 

physiological signals to recognize the user’s emotions, like fear and anger, and then 

to adapt an animated interface agent to mirror the user’s emotion. 

2. The multimodal system of Duric et al. [206], which applies a model of embodied 

cognition that can be seen as a detailed mapping between the user’s affective states 

and the types of interface adaptations. 

3. The proactive HCI tool of Maat and Pantic [207], which is capable of learning and 

analyzing the user’s context-dependent behavioral patterns from multisensor data 

and of adapting the interaction accordingly. 

4. The automated Learning Companion of Kapoor et al. [208], which combines 

information from cameras, a sensing chair, a mouse, a wireless skin sensor, and task 

state to detect frustration in order to predict when the user needs help. 

5. The multimodal computer-aided learning system in the Beckman Institute, University 

of Illinois, Urbana- Champaign (UIUC) [23], where the computer avatar offers an 

appropriate tutoring strategy based on the information of the user’s facial expression, 

keywords, eye movement, and task state. 

6. Picard et al. modeled affect states of participants using an auto tutor [209]. Eye-gaze, 

body sitting posture and textual communication were used in combination with a k-

NN classifier to achieve 70% affect state classification. 

7. Features extracted from keyboard and mouse typing behavior has been used in a 

study to detect affect state [210]. A self-assessment scale was used to label participant 

affect states as ‘boredom’, ‘frustration’, ‘distraction’, ‘relaxation’ and ‘engagement’. 

Using a J-48 classifier they obtained an accuracy of 80.48%. 

8. Lane position, vehicle dynamics and a combination of eye gaze and head dynamics 

allowed a prediction of lane changing intent to a true positive rate of 87.3% and a false 

positive rate of 0.39% [211]. The study found that during an attention shift, head 

movement precedes eye-gaze shift, which is consistent with the biological model of 

attention shifts. 

9. D’Mello et al. had 28 participants interact with an auto tutor while facial image data, 

body pressure patterns and participants’ verbal responses to the auto tutor give way 

to a data set with 29 Multimodal Multisensor features [212]. Expert trained judges 

hand labeled the data as boredom, confusion, engagement/flow, and neutral. Their 

classifier achieved an average of 48.65% accuracy with a kappa of .335. 

10. In a study by Monkaresi et al., 22 students participated in a structured writing activity 

while heart rate estimation from facial image data, face animation units from 

Microsoft Kinect, and local binary patterns of the eyes and mouth were utilized to 

predict student self-reported engagement states. Their classifier achieved an overall 

area under the AUC coverage of 75.8%. 

11. In a follow-up study D’Mello et al. had a group of 20 students interact with an online 

math learning platform. In this study student “behavioral engagement” (on-task, off-

task) [213], [214]  and “emotional engagement” (satisfied, bored, confused) [215] were 

labeled using a combination of participant self-labeling and expert labeled data. To 

achieve this, two modes of data were collected in the background, 3D facial image 

data from an Intel
®
 RealSense™ F200 camera [215] (facial expressions, emotions) and 

interaction data with the learning platform (performance, response time). Their walk-

up-and-use (generic) [216] random forest classification achieved 48.12% and their 

person specific classification achieved 76.37% accuracy. 
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The final listed work has some similarities to ours, however with three key differences. Firstly, 

the emotional engagement ground truth labels are hand labeled by the participants and 

human experts which is susceptible to inter-rater reliability issues. Secondly, the learning 

platform activity outcomes are an input of classifier model, this makes the model depended 

on the activity outcomes – hence, its predictions are never in real time, or generalizable to 

activities other than the exact one in the study. Lastly, while this study explores two modes of 

data input (one dependent), our study explores 4 independent modes of data, making it more 

resilient against data fallout, and independent of the data collection activity. In our study the 

labels are produced by the objective outcomes of the CPT. This makes the ground truth 

immune to inter-rater reliability issues which human observer labeled data is prone to. In the 

next section we explore studies that have used CPT as an objective method of labeling affect 

data. 

Studies using objective labels via CPT outcomes 
1. Body posture and head position from the Kinect were combined and labeled using 

objective outcomes of a CPT to detect inattention and hyperactivity characteristics in 

children with ADHD [195]. 

2. Theoretical study that proposes the use of multimodal sensory observations labeled 

objectively with CPT outcomes of attention in a dynamic Bayesian networks to detect 

‘fatigue’, ‘nervous’ and ‘confused’ affect states [196]. 

Multimodal interaction systems aim to support the recognition of naturally occurring forms 

of human language and behavior through the use of recognition-based technologies [217], 

[218]. These systems represent initial efforts toward the future human centered Multimodal 

Multisensor HCI. Most of the methods rely on observer or listener judgment and results can 

vary depending on the level of expertise, experience and personal style of the observer or 

listener. This can cast doubt on the validity of such methods as they are susceptible to inter-

rater reliability. This can cause attribution error which lowers PMLD and CP care quality [5], 

[7], [8].  Others that use the CPT as an objective method, are using a single sensor, or are 

proposing theoretical studies.  

In the next section, we describe our study methodology, our use of a CPT to objectively label 

Multimodal Multisensor data to model learner attention levels. 
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 METHODOLOGY 

As discussed in the previous chapter, there are several approaches to labeling the affective 

state of learners with PMLD. However, these are based on paper-based tests, which are subject 

to intra-rater reliability issues. There are also Multimodal Multisensor sensor-based 

approaches, but these rely on a teacher or student self-ratings to label data.  

Our approach is to address these issues by labeling the sensor data using a CPT because the 

correlation between the outcomes of a CPT and teacher ratings of inattention, impulsivity, and 

hyperactivity have been established [147]–[149], thus providing some evidence of these 

measures as indicators of the user’s affective state. 

A gamified platform is proposed that monitors the sustained and selective through 

performance tracking using SDT [14] measures and outcomes. For the remainder of the work, 

we will refer to this attention tracking platform as ‘the platform’.  

The participant is required to pay continuous attention to a computer screen where an 

interactive game provides them with a pre-defined signal detection challenge. The participant 

is in control of the response they give, and feedback is given to them regarding the correctness 

of their response to the challenge. This is the basis for Swanson’s CPT [15]. The CPT is an 

integral component of the platform, and we have therefore created a version, the ‘Seek-X’ type. 

This test has been created to be used specifically as an objective tool for attention tracking using 

the CPT outcomes to label multisensor data.  

We have named this CPT Seek-X type because the participant is asked to seek the Target image 

between other non-Target images acting as a matrix of noise. Seek-X type exercises engage 

eye-gaze as a crucial element of answering the SDT challenge. The Seek-X type CPT is a 

version of the Type-X non-rare Target type, see Equation 21: 

CPT	types = 	°
#>	9ℎ122+0P+	 ¢

T>J+ − £	 ⟶ V++W − £					

T>J+ − Q£ ⟶ V++W − Q£	
					

#>	.17P+.	87+•5+09>	 ¶
I17+															
ß-0 − 717+			

														
 Equation 21 

 

In summary, the period of sustained attention is marked by participants' attention and interest 
being maintained in an interactive interaction. Maintaining sustained attention indicates the 

key foundation for recognizing flow. For this reason, this work explores classical methods for 

attention tracking using a neuropsychological test that measures a person's sustained and 

selective attention (the CPT) [15]. The CPT is reported to be the most popular measure of 

sustained attention or vigilance—the ability to sustain attentional focus and remain alert to 

stimuli over time [141], [142]. The first attempt to objectively evaluate the relationship between 

maintaining attention in students with learning disabilities using CPTs was introduced by 

Swanson in [15], [140] and later expanded by Eliason and Richman [1]. Using SDT [14], [15], 

[58]-[62], quantifiable objective data on the improvement or deterioration of attention are 

collected and analyzed using SDT detailed in [154], [155].  
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We explore modeling the user’s attention indicators without any assumptions about the 

activity in front of them. A scalable CPT was developed to be appropriate to the capacity of 

the PMLD / CP participants. Participants were asked to sit in front of a PC and press a button 

when they saw the predefined signal (a predefined Target ) on the screen, and not press the 

button when any other signal was displayed on the screen. This happened while the sensors 

recorded their real-time sensor data, including upper limb positional data, EEG brain waves, 

and eye-gaze data. 

3.1.1 Data collection 

Four participants were recruited for data collection (see section 3.4, Participants). They took 

part in a 13 weeklong study with up to four sessions weekly per participant, depending on 

participant availability. This process started on the April 4
th

, 2016 and finished on the July 21
st
, 

2016. In the first two weeks, a pilot study was carried out to tweak the test difficulty and make 

any final alterations to the experimental platform. These alterations are discussed in section 

3.2.1, Evolution of the CPT design. 

Each session included 48 challenges. Each test lasted between 6-32 minutes depending on 

participant readiness or other setting-up challenges. Every session recorded nearly 4 minutes 

of data. A total of 59 sessions of the CPT were carried out (an average of 15 sessions per 

participant). A series of 48 slides with pauses in between were displayed for each participant.  

This CPT design was based on Rosvald and Mirsky’s original paper [193]. Recommended time 

alterations to the experiment length were made to match the shorter length activities that 

students with PMLD are accustomed to at school [15]. The CPT was therefore shortened to 

about 4 minutes for our participants, and the whole process took between 6-32 minutes. This 

is compared to other research, which suggests a 30-minute CPT for neurotypical participants 

[219]. 

The difficulty of the CPT was also adapted for each participant by making the maximum 

response time (slide display time + blank slide display time) shorter or longer or by adjusting 

the image matrix grid size. These times are initially 1.8 s and 1 ± 0.1 s, respectively, and are 

increased or decreased depending on participant capacity. The difficulty of the CPT was 

adapted for each participant by making the maximum response time shorter, the maximum 

response time is the sum of the ‘stimulus duration’ and ‘interstimulus interval’ [154]. These 

durations (seen in Table 5) were estimated in a series of pilot study tests completed in the 

initial two weeks of the study, where the aim was to reach close to the 85% rule for learning, 

where the participant makes around 15% mistakes and 85% correct responses [220] when in 

flow. The platform setup can be seen in a school setting in Figure 17. The Seek-X type CPT 

slide timeline is demonstrated in Figure 18.  
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Figure 17. The experimental platform seen in a school setting. 

 

It is important in SDT that the participant can demonstrate they understand the difference 

between the Target and noise, given enough time. To establish this, the game objective was 

re-introduced to the participants at the start of every session using a paper-based mockup to 

test the participants’ understanding of the challenge and validate their response (discussed 

further in Empirical lessons learned from the pilot). 

Table 5. Participant characteristics and CPT settings adjusted for participant capacity. 

Participant 

alias 

Age 

P scales 

mean 

Slide display time / 

Stimulus duration (s) 

Blank slide display time / 

Interstimulus interval (s) 

Will 18 6.93 1.8 1.1 ± 0.1 

Jen 19 19.45
* 

1 1.1 ± 0.1 

Mark 16.75 3.7 8 2.1 ± 0.1 

Rick 19 6.76 1.8 1.1 ± 0.1 

  *Jen is enrolled in the National Curriculum.  

 

Figure 18. Seek-X type CPT slide timeline.  
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3.2 Experimental platform 

The platform tracks participant performance in a repetitive game, which rewards them with 

exciting visual and audio feedback when they answer correctly, but ultimately fatigues them 

by being exhausting over a long period. The participant is required to pay attention to the 

game dynamic, which challenges them to pay selective and sustained attention to the elements 

on the screen and respond appropriately. This induces different states of affect, with lower 

levels of valence, as the game carries on and the learners’ attention capacity naturally 

decreases. During this game, real-time Multimodal Multisensor data is collected within the 

experimental platform, which is used later to create a machine learning model of flow. The 

experimental platform was developed in MATLAB 20016a [221] to collect data from various 

consumer-grade sensor hardware. The experimental platform and the relative participant 

position are visualized in Figure 19. 

The new type of CPT, Seek-X type, was designed for this study. The reasons why this new 

type was created are explained in section 3.2.1, Evolution of the CPT design. Each slide has a 

mixture of three images, comprising of the Target image, the Target Imitation and the Easy or 

Hard Contrast image, as seen in Figure 20. The Target Imitation bears a close resemblance to 

the Target image (similar colors, general shape), however, the Contrast images can be 

identified with less effort. 

Note: In different sections of this work the images used to display the Target , Imitation 
and distractor slides for the Seek-X type CPT are interchanged. This is due to copyright 
reasons. Some images however are screenshots of videos taken of the actual set-up and for 
those reasons the original images are used. The CPT images represented in Figure 20, are 
thus replacement royalty-free images, which are used in most of this document. The 
orange cat, is replacing the cartoon character Wally (from the popular children books 
‘Where’s Wally?’ [222]), and the Imitation image shown by the orange dog is replacing the 
original red dog from the popular children’s book ‘Clifford the Big Red Dog’ [222], the 
orange sandwich is replacing the red wool hat and the green alien cartoon is replacing 
Cookie Monster (from the children’s program sesame street [223]). The original images 
from the actual study can be seen in Figure 22, Figure 53 and Figure 37. 

 

The experimental platform was tested under lab conditions to establish its robustness and data 

collection ability. Many of the shortcomings of the experimental procedure were discovered 

and improved on before the platform was tested in the pilot study at the school. The results 

indicate that the sensor data for multiple channels can be adequately captured in real-time 

and labeled by the system. This was described in section 4.1.5, Labeling and data fusion. The 

final experimental platform can be seen in operation in this YouTube video [224]. Data 

recordings were collected in a varied lab environment, and the noise and inattention 

conditions were not consistent between sessions.  
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Figure 19. The Multimodal Multisensor experimental platform with the eye-gaze, body pose, 

EEG sensor and the CPT. 

 

    

Target image Target 

Imitation 

image 

Hard 

Contrast 

image 

Easy 

Contrast 

image 

Figure 20. CPT images and the image types. 

The ratio of the mixture of the main image to the filler image in all slide types is always 6 to 

10 (plus one Target image on signal trials) or 7 to 10 (on noise trials). We found that for our 

test user group a grid of 4 x 4 introduced enough difficulty to allow for participant responses, 

without being so easy that the participant would not make any mistakes when fatigued.  

The distribution of the Hard Target (HT) pattern among the other random patterns has an 

occurrence probability of 50%. The other CPT occurrences are standardized [193] as Hard Foul 

(HF), Easy Target (ET) and Easy Foul (EF). These patterns and their corresponding labels are 

seen in Table 7. 
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Table 6. The distribution of patterns in the Seek-X type CPT 

Pattern HT HF ET EF 

Distribution 50% 25% 12.5% 12.5% 

CPT Label Hard Target: 

Target image 

mixed in with 

imitations Targets 

with a few Hard 

Contrast images. 

Hard Foul: 

Imitation 

Target images 

with some 

Hard Contrast 

images. 

Easy Target: 

Target Image 

mixed in Easy 

Contrast images 

with some 

Imitation Targets. 

Easy Foul: 

Imitation 

Targets images 

with some 

Easy Contrast 

images. 

 

The participants were seated in a chair in front of a 20” computer monitor with a width 

resolution of 1980 pixels by 1080 pixels, at a controlled distance of 50 cm to 80 cm from the 

screen. Each participant was asked to press the keyboard spacebar, or a big button if 

wheelchair-bound, whenever they saw the Target image on the screen, and not to press the 

button when they did not see the Target image on the screen. During this activity, participant 

eye-gaze, body pose, EEG measurements and button interaction data were continuously 

recorded. 

The participant was then presented with 48 instances of images displayed in a controlled 

random sequence on the screen. This meant that no more than two of the same type of slides 

(shown in Table 6) could ever be displayed in sequence. Each image was displayed for a 

stimulus duration (slide display time) followed by a blank slide displayed for an interstimulus 

interval. The images were shown in a 4 x 4 grid, at a size of 280 x 192 pixels, 300 pixels apart 

horizontally and 100 pixels apart vertically. The images were shown in the center of the screen 

and had 300-pixel margins from the sides and 100-pixel margins from the top and bottom. 

This layout is shown in Figure 21. 

 

Figure 21. Screen layout for Seek-X type CPT, the grey blocks are margins from the sides of 

the screen, the light green rectangles are where the images are randomly allocated, and the 

purple rectangles represent the space between each image in the 4 x 4 grid. The screen 

resolution was 1980 by 1080 pixels.  
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Real-time eye-gaze position using Tobii EyeX [225], body pose data using Kinect v2, EEG data 

from the Muse headband [226] and interaction data from the USB button is recorded in 

MATLAB 2016a [221]. The Muse EEG headband streams 16-bit voltage data in microvolt (µV) 

units at 500 Hz, which is equal or comparable to medical-grade EEG specifications [227]. The 

Tobii EyeX eye-gaze tracking controller [228] uses near-infrared light to track the eye 

movements and gaze point of a participant [229]. It works in variable light conditions and 

allows for participant head movement while maintaining accuracy, which is crucial for our 

target user group. It has a frequency of 70 Hz and uses backlight assisted near-infrared (NIR 

850 nm + red light (650 nm)) to achieve a 95% tracking population [230]. The Kinect 2 sensor 

[231] is a motion-sensing peripheral for body tracking. Using structured light and machine 

learning it can infer body position [231]. Kinect 2 is reported with an average depth accuracy 

of under 2 mm in the central viewing angle and increases to 2-4 mm in the range of up to 3.5 

mm [232]. The furthest distance captured by Kinect 2 is 4.5 mm, where the average error 

typically increases beyond 4 mm. The experimental platform was designed to replicate the 

majority of the CPT variations reported in relevant studies [1], [15], [143], [144], [149], [160], 

[185], [193]. The features extracted from these sensor data streams are described under feature 

extraction. Methods of data and memory sharing were developed to synchronize the four 

independent Matlab instances (see section 4.6.1). This ensures that the four Matlab instances 

start and stop recording the five channels of information (eye-gaze, EEG, body joint data, 

interaction data and CPT outcomes) in synchrony. This helps streamline the experimental 

platform maintenance, making the participant experience less distracting. 

3.2.1 Evolution of the CPT design  

In the initial two weeks of the study, before data collection began on April 21
st
, 2016, a pilot 

study was completed. The platform suitability was tested as a tool for data collection from the 

PMLD/CP participants. Observations were made that altered the design of the experimental 

methodology. The alterations impact directly on the design of the CPT.  

 

Figure 22. The platform setup running the Seek-X type CPT seen in a pilot study here used 

two PC’s running MATLAB R2016a in parallel, sharing memory over a local LAN network. 

 

It was determined that the CPT-AX type test, which requires users to recall (the previous slide 

value), deduce (if the previous slide with the current slide is the signal) and respond (by 
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pressing the button) added too much skill requirement for our user base and the user would 

be left in a state of continuous learning and readjustment. This could have had a severe 

consequence of alienating the user early on in the study. The test was altered to become a non-

rare type CPT. In this version of the CPT, the signal is shown more frequently than non-Target 

slides (see Table 6, 62.5% of the total slides are Target slides and 37.5% of the slides are non-

Target slides). This type of CPT focuses on sustained attention and in called a non-rare type 

CPT, see Equation 21. The new type of CPT, the Seek-X type is fully described in section 3.2, 

Experimental platform. We now explore the original CPT design that was used in the pilot 

study sessions. 

A-X type CPT 
In the initial design of the CPT, the participant was instructed to press the button in front of 

them only if they see the A then X image appear on the screen (the CPT A-X test). The A image 

is represented by the green tree image and the X image is represented by the racing car. In this 

standard version of the test, the participant is asked to press the space bar whenever they see 

the X (the probe), but only if the X was preceded by an A (the cue). The distribution of the A-

X pattern among the other random patterns has an occurrence probability of 70%. The other 

CPT occurrences are standardized [193] as A-Y (image A followed by image Y), B-X and B-Y. 

These patterns and their corresponding labels are seen in Table 7. All possible signal 

variations and their significance to the attentional state tested in the CPT are demonstrated 

and discussed in Table 7. The platform in its developmental stage can be seen in Figure 23 

running the A-X Type CPT.  

Table 7. The distribution of patterns in the A-X test 

Pattern A-X A-Y B-X B-Y 

Distribution 70% 10% 10% 10% 

CPT Label 

True 

Positive 

(Correct) 

Foul 

(Impulsivity, 

selective attention 

loss) 

Foul 

(Inattentiveness, sustained 

attention loss) 

True Negative 

(Incorrect) 

 

 

Figure 23. CPT type A-X is shown in the development stage of the experimental platform.  



 

 

  

 

57 

All permutations of a standard A-X type CPT are visualized in Figure 24. The predetermined 

correct response to the signal Tree-Car (A-X) is a button press; any other patterns should not 

be responded to. 

 

 

Figure 24. All outcomes of an A-X type CPT. 

When the user responds to the A-X signal, it is called a signal detection. If the user responds 

to any other pattern (e.g., A-Y), it is called a Commission error, which relates to impulse 

(inhibition) control. If the user responds to B-X, this demonstrates a lack of sustained attention 

(vigilance) - they saw the car but forgot or did not pay attention to the previous signal (slide). 

This is also called a Commission error. When the user responds to B-Y it is called an omission 

error. In this case, there was no cue (tree) or probe (car). 

3.3 Ethics 

Ethical approval was granted by the Nottingham Trent University School of Science and 

Technology ethical committee in the month of September 2015. The information pack (both 

complete and ‘easy read’ versions) were submitted with the ‘ethical issues’ document (all 
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attached in Appendices). Information leaflets (attached in Appendices) were sent to a special 

needs school, where they were distributed by the administration staff to the parents.  

Two user group meetings were held with the school alumni, teachers and headteacher in the 

month of March 2016. In these user group meetings, the motivation, method, and aims of the 

research study were explained. A demonstration took place in the second user group meeting 

where the platform was tested and initial feedback on the design was collected from the 

teachers and participants. The initial system can be seen in this video [32]. We realized the 

importance of communicating ‘simplicity, clarity and trust’ through the text of the information 

packs from the feedback received from the initial user group meetings. Initial feedback on the 

experimental design and methodology was requested from the user group which consisted of 

PMLD school leadership and alumni (mature PMLD students from the school).  

The length of the information pack, initially 2 pages long, was changed after advice that it 

should be summarized to a page or less. The experimental description was simplified to cover 

the main procedural step-by-step process of the experimental methodology, and scientific 

evaluation of sustained and selective attention was removed from the document. Scientific 

terminology like ‘CPT’ was replaced with an ‘easy read’ description of what the Continuous 

Performance Test is. Pictures of the EEG headband were also added to the document to 

demonstrate the consumer-friendly aspects of the technology used to collect the data. 

Emphasis on the user’s well-being was reinforced, and their ability to leave the experiment at 

any point and retain their anonymity was made clear.  

The updated information pack (available in Appendices) was distributed to the guardians of 

eight students. The students were selected for their appropriateness for the study by the 

headmaster of the school. Out of those eight, we received permission from four guardians for 

their child to participate in the research. Three boys and one girl, aged 16, 18, 19 and 19 

participated in the data collection study. Two of the four participants are prone to seizures. 

During the 13-week study, we found that they did not react negatively to the CPT, despite it 

being quite an intensive activity.  

Communication with the teachers was maintained throughout the study. E-mail reminders 

were sent to the teachers, two days before the data collection day to confirm the student 

participation and also to coordinate the time for the data collection session. Often due to 

illness, absence or other teacher-student commitments, sessions would be postponed. Email 

updates of the student experience and initial data analysis were also presented to the teachers 

as the study progressed. 

At the beginning of the session when the participant was taken away from their classroom 

and walked towards the room where we were working, our priorities were to ensure that they 

understand what activity they were taking part in and to relieve any anxiety they felt. To put 

them at ease, we talked about their week, their life, their weekend, any movies they may have 

seen etc. The participant was always walked to and from our workroom, to ensure they 

returned to the activity they had been taken away from so that with consistency and security 

were maintained. The participant was not taken away from fun activities, like free time 

outside or from group participation activities. It was important to reinforce the study was a 

fun activity, not one that causing the participant to miss out on other activities that they may 

enjoy. 
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Knowing that the user is not the sole participant in the study (and so not being singled out or 

punished by being taken out of the class from their peers) was important so they would not 

have any negative associations with our research. We ensured that the participants knew of 

their friends who were also participating in the study. When possible, participants were 

offered the chance to observe each other take part in the experiment, as this helped 

demonstrate the experimental process to other participants and also reduced the feeling that 

participation made them stand out from other students in a negative way.  

We worked with the teachers to make the participants feel like the activity was extracurricular 

and they were not being singled out as a punishment but were selected because they’re unique 

and are offering us incredible value through this study. This was reinforced frequently by 

reminding the participants how well they were doing in the study before and after the study 

started and concluded. Any discussion that reflected negatively on student performance or 

any performance comparisons between participants was always avoided. “You’re doing the 

best”, or “come on, your friends can do it” is considered counterproductive. The participant 

was instead reinforced positively with their own progress throughout the study. 

The participants were always asked if they wanted to continue with a new session, especially 

as the CPT can be strenuous and is designed to be tiring. With the consideration that two of 

the four participants are prone to seizures, it was important to re-establish student health and 

consent in participation before moving on to a new session. In one case the student asked for 

the study to not continue to the second recording on the same day. In another case, the 

recording was cut short due to the CP student signaling that they needed to go to the restroom. 

3.4 Participants 

Participation for the study was arranged through Oakfield School, Nottingham [233]. Oakfield 

is a school and sports college for people with a learning disability. The definition of learning 

disability according to the National Joint Committee for Learning Disabilities [234], [235] is as 

follows: 

“Disabilities are a heterogeneous group of disorders manifested by significant 
difficulties in the acquisition and use of listening, speaking, writing, reasoning 

or mathematical abilities…”  

The student population in Oakfield School is a heterogeneous one; studies with participants 

with learning difficulties are challenging [1]; a selection process is required to make sure the 

participants are in the same performance scales (P scales) [236], [237]. A meeting was initially 

held with the head of the Oakfield School about the experimental methodology and its desired 

research outcome. The feedback was incorporated into an ‘easy read’ version of the participant 

information. This was then circulated to eight students which Oakfield School recommended 

to be a good fit for this study based on P scales ranges and their ability to perform in the CPT.  

Participants were selected based on their performance in scales, which represent a set of 

descriptions used to record and assess the progress of children who have special educational 

needs (P-scales) [236], [237] (see Table 5). Permission for the study was given by Nouingham 

Trent University’s ethics commiuee. A further request was made to gather more participants 

in the study by sending the participant information pack to any remaining students and their 

guardians who may be unaware of this study.  
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Three boys and one girl aged 16, 18, 19 and 19 with PMLD and CP enrolled to participate in 

the research study. They are given pseudonyms; Will, Jen, Mark, and Rick. In a further follow-

up meeting, details of the four participants were requested. The descriptions of the 

participants are the focus of the remainder of this section. 

A breakdown of each participant’s Age, P scales, specific communication strengths or 

constraints has been recorded at the start of the data collection process (see Table 5). The 4 

nonhomogeneous participants had different ranges of capability. This ranged from extreme 

mobility restriction to some moderate learning difficulty. A nonhomogeneous participation 

base is an accurate representation of the population and is expected when conducting studies 

with PMLD. 

Will is 18 years old, has a diagnosis of global development delay (GDD) and learning 

disability. These impact on his speech, language and social interaction with others. This means 

his ability to concentrate on a single activity for an extended period is limited, which in turn 

limits his sustained auention. His body mobility is not restricted but is slightly imprecise. His 

speech can be difficult to understand, and he is limited in the selection of words. His capability 

in conducting particular tasks in quick succession is good; however, he struggles to maintain 

sustained auention. Will’s P Scale graph is shown in Figure 25. 

 

Figure 25. Will's P Scale demonstrates that his speaking ability is considerably lower than his 

other abilities. 
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Jen is 19 and has a rare form of epilepsy. She is one of the more capable learners at the school. 

She is very cooperative and shows an interest in being involved in the study. She also talks 

about music and theater and has interests in fashion and celebrities. Her performance is 

highlighted by concentration and commitment to the activity. Jen has completed her P scales 

and is not enrolled in the national curricular. Jen’s National Curricular Level graph is shown 

in Figure 26. 

 

Figure 26. Jen’s abilities surpass the P scales grading, and she is on a mainstream rating 

scale. 
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Rick is 19 and has a global delay, a rare form of epilepsy and a severe learning difficulty. Rick 

has problems processing information and communicating. His attention is usually committed 

to a single concept (an activity, a memory, a sound). He is incredibly reliant on routine, and 

he will try to avoid any disruptions to it. He enjoys loud motor sounds, power tools, and 

garden work. He often reflects on activities he has done in the past or will do in the future 

with single words or short phrases. His mobility is not constrained but is delayed and 

processing time needs to be allowed for any responses. Physical objects and sounds help him 

associate with new concepts. Rick’s P Scale graph is shown in Figure 27. 

 

 

Figure 27. Rick’s P scales demonstrate his strengths in written languages and computer-

based activities. 
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Mark is 16 years old and has myotonic dystrophy; this makes his muscles very weak. 

Myotonic dystrophy is a progressive and life-limiting condition. Mark uses a wheelchair and 

is at risk of chest infections and sudden heart failure. He uses a specialized CP wheelchair for 

body support and transportation. The wheelchair supports his body frame and keeps him 

upright and secure with a safety belt. His head is rested against his right ear on a padded 

headrest. His mobility disability is extreme; however, he has some imprecise movement in his 

neck and arms. At school, he uses both eye-gaze technology and switches to interact with 

computer interfaces. Mark uses his voice to communicate; he likes sharing his sense of humor, 

he laughs when things go wrong, and makes the sound ‘uh-oh’ to signal mistakes. He enjoys 

making choices and can become frustrated when he is not offered choices. Mark likes 

interacting with computers but shows sensitivity to anything resting on his forehead like the 

EEG headband. Because of his CP, he required a member of staff to be present during the 

study. Mark shows a definite progression with communication and is now very accepting of 

and participating in a wider variety of activities, events, and opportunities in school. He has 

responded well to unforeseen changes in his daily routine even with little notice. Mark’s P 

Scale graph is shown in Figure 28. 

 

 

Figure 28. Mark’s P scales indicate that he is our most profoundly disabled participant. 

 

1
2
3
4
5
6
7
8
9

Speaking

Reading

WritingMath - Shape, Space
and Measure

Maths - Using &
Applying

Mark's P Scale



 

 

  

 

64 

 RESULTS AND DISCUSSION 

This chapter starts with describing each sensor and the data collected from it. We present our 

data processing and feature extraction methods. An overview of the features extracted from 

each sensor is discussed. We then describe the statistics of the data collected and the methods 

used to develop the machine learning results. Algorithms used in the machine learning are 

presented and machine learning indexes for comparison are defined. The classification results 

are then presented in a table for subsets of the data and are compared using the machine 

learning indexes. Cross-correlation results between CPT outcomes and participant 

characteristics are presented. Empirical findings from the eye-gaze, body pose, and EEG data 

are presented. 

We show (regardless of the classification method), that there is a relationship between 

affective state and the Multimodal Multisensor data features. In this study 2615 samples, over 

the length of 59 sessions, were collected and classified into two categories (‘attention’ and 

‘inattention’) using nine features (7 low-level and 2 High-Level Compound Features). The 

individual features will be explained in section 4.1, Data Feature processing, and the High-

Level Compound Features will be explained in section 4.1.5, Labeling and data fusion. 

, however, a list of the features can be seen in Table 8. In total there were 2051 ‘attention’ 

samples and 564 ‘inattention’ samples.  

 

Table 8. Summary of data points and sources. 

Feature Attribution 
Eye scanning Eye-gaze 
Eye dwelling Eye-gaze 

Eyes off screen Eye-gaze 
  

EEG Alertness EGG 
  

Body fidgeting Body pose 
  

Single fast press Interaction data 
Max press count Interaction Data 

  

HLA High-Level 
Compound feature 

HLI High-Level 
Compound feature 

 

This presents a problem, where the algorithm has a bias towards the majority class while 

neglecting the minority class. This often coincides with achieving high accuracy results, so it 
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is often overlooked. As our data set is unbalanced, we look into addressing this in section 4.2, 

Unbalanced datasets. 

The data was assessed both as a group and person-specific, the results of both are compared. 

The aim of classification is to determine the affective state by predicting the CPT outcome. 

With two classes, the random classifier classification AUC to beat is 50%. As the data set is 

unbalanced, the dataset was balanced before machine learning took place to improve the 

classification of the minority class, this method normalizes sample size across all machine 

methods. The overall approach used to evaluate the fit of the different architectures was leave-

one-out (L-O-O) cross-validation. Scoring metrics insensitive to unbalanced datasets were 

used to competitively compare the performance of the different machine learning approaches. 

The evaluation parameters used for determining the comparative performance of the machine 

learning architectures were Area Under the ROC Curve (AUC), Negative Log-likelihood and 

kappa. The software used to create this architecture is Python 3.7 and two high-performance 

computers, which ran in parallel over several weeks. The two PCs were both equipped with 

Intel i7-7700HQ 2.80 GHz CPUs, and 16 GB of DDR4 RAM. The CPU was benchmarked at 82 

Gigaflops, with 15 GB/s memory transfer rate and 1 GB/s SSD disk transfer rate. 

4.1 Data Feature processing 

In this section, an overview of the features extracted from each sensor is discussed. Critical to 

the process of inferring the affect state of a student with PMLD/CP from labeled Multimodal 

Multisensor data is the process of data fusion. The process of detecting the user affective state 

through multiple input sources and their combination, known as “Multimodal Multisensor 

input fusion” [38], [102], [238] presents a number of challenges. Firstly, the type of data to be 

managed by a Multimodal Multisensor system may originate from a variety of different 

sources; these sources may have different sampling frequencies and different code bases. 

Temporal time syncing of this data and sampling it to a common denominator of the 

frequencies is a requirement. Making a platform compatible with all the different codebases, 

while running effectively and reliably is a challenge. Secondly, due to the computing demands 

of high-frequency sensor data streams, two computers were used in tandem to facilitate the 

data collected. These computers were connected to a local network, in which two 

simultaneous Matlab 2016a instances shared memory and coordinated the Multimodal 

Multisensor data collection and the CPT experimental process. This photo of the platform is 

shown in Figure 17. 

 

Figure 29. CPT provides objective labeling for the Multimodal Multisensor data 
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The purpose of incorporating an objective measure of attention, namely the CPT, in the 

experimental platform is to provide a reference label in the machine learning stage. Without 

these labels, there would be no objective measure or automated way of performing a 

supervised learning method on the data. An overview of how the data streams were captured 

and labeled against CPT attention indicators is shown in Figure 29. 

4.1.1 EEG 

Brain-Computer Interfaces (BCIs) represent a novel mode of communication that has been 

used in emotional classification [239], and cognitive aware applications [240]. EEG frequency 

has been used as a feature to determine active brain state [241]–[243]. BCIs are also considered 

unique in Augmentative and Alternative Communication (AAC) as they do not require 

physical movement from a user. This makes BCIs a suitable AAC method for people with 

Severe Speech and Physical Impairments (SSPI) [244], [245], or CP [246]–[249] who do not have 

access to conventional means of communication including speech and typing [248]. EEG has 

also been used in Multimodal Multisensor applications in combination with eye-gaze and 

facial expressions to detect affect [102], [113], [250]–[254], however, these all use expert, peer 

or self-annotation as labels for the data.  

The quality of a BCI — to offer a direct mode of information from the brain — makes it 

especially ideal as an element in potential real-time affective user state detection [255], 

computer interaction for rehabilitation [256] and in brain multimedia interaction [257]. A BCI 

can also be a complementary source of information towards Multimodal Multisensor 

interaction systems as well, used in conjunction with other modalities such as gesture, facial 

expressions, gaze and body posture [258]–[260]. 

Accurate classification of EEG signals into commands or user affect state is the primary 

challenge of BCI-AAC practice and has sparked the interest of the research community [239], 

[244], [261]–[264]. EEG classification has been attempted with different techniques and data 

specifications. Some different EEG features used are Visually Evoked Potentials (VEP), 

Frequency Averages, P300’s and timeline classification [265]–[267]. Other EEG studies use 

Event-Related Potentials (ERP) as a mechanism to classify EEG [268]–[272]. These are distinct 

rises in the wave, almost mechanical in their nature. In contrast to the rest of the wave, their 

event is directly related to an “inducer” from the outside world. This is when an outside 

stimulus (visible blinking lights, sound or tactile stimuli) correspond to noticeable potential 

changes in the EEG signal, which are repeatable, reliable and do not require intention on the 

user’s part [258]. This allows the user a control mechanism, which is focused on one of their 

degrees of freedom. The user can then choose to focus their attention on the stimulant, and 

the system recognizes the EEG evoked potential as a response [246]. Using ERP however is 

not a suitable method in this work, as the objective is to find a feature that corresponds to their 

activity (focusing on the SDT challenge) and not to find features in the EEG that are 

intentionally induced by the participant (like looking at a blinking light to induce an ERP 

response). Due to the different approaches to EEG data acquisition, method and definitions of 

task achievement accuracy, it is difficult to achieve a direct comparison between the methods 

used in these studies. 

A more practical method is to use EEG time-series samples from a baseline activity to train a 

classifier. The classifier can use statistical and machine learning pattern recognition methods 

to classify the sample with an output pair of confidence and accuracy percentages [262], [273], 
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[274]. In this method, a mental task is agreed upon, and the receptive controlled practice of 

this mental task is recorded. The classifier trains itself on these samples. Some mental tasks 

include imagining motor planning to stimulate the motor cortex, mental math calculations to 

stimulate brain activity, relaxation and imagining emotional events to simulate emotional 

response [257], [258], [262], [275], [276]. This method is more suitable for our experiment, as 

the mental task will be naturally evoked by the CPT itself when the participant maintains 

attention in order to perform in the SDT trial. 

While the use of EEG signal is becoming more and more attractive in developing practical use 

natural Brain-Computer Interface (BCI), accuracy still remains a challenge [245]. EEG is 

challenging due to the complexity of the signal as a data source [247], [277], [278]. While some 

studies require invasive procedures using implanted electrodes or electrode grids to access 

the brain tissue [277], [279]–[281], several other studies have presented different methods of 

tackling the classification challenge using EEG headset amplifiers [282]–[288]. Although the 

implanted electrodes allow a more direct recording of the neurophysiological activity of the 

cortex and, therefore, have a better signal-to-noise ratio, they are currently reserved for patient 

populations [289]. Despite EEG amplifiers being far less invasive and more suitable for this 

study, using them creates an additional challenge to preparing the EEG data for classification. 

To do this we use a combination of signal preprocessing methods. 

A combined signal preprocessing approach based on methods discussed in previous studies 

(grounding and Kalman filtering) is taken [290]–[293]. EEG Kalman filtering has been shown to 

be useful in removing electromyography (EMG) induced artifacts [262], [290]–[295]. A robust 

Adaptive Autoregressive (AAR) model with an order of six detailed in [293] was used. The 

AAR model estimate of the EEG Kalman filter was utilized to reduce the impact of 

Electromyography (EMG) spikes from body movement, eye blinks and other facial muscle 

movements. These EMG spikes are isolated in a few samples, which makes the data ideal for 

AAR Kalman filtering. In Figure 30, we see that it has removed the EMG artifact that can be seen 

between samples points A and B, enhanced the EEG spikes, and revealed an EEG peak between C and 

D. We demonstrate how Kalman filtering smooths out real EEG data from this study and 

reduces spikes in Figure 31. The original signal is shown in the dark blue, with the filtered 

signal shown in the lighter pink. Removing the EMG spikes from eye blinks, facial and neck 

muscles, improves the quality of the EEG data by enhancing the EEG features and reducing 

noise and artifacts caused by the EMG interference. 
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Figure 30. AAR Kalman filtering reduces EMG noise and enhances EEG spikes. 
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Figure 31. Grounded, AAR Kalman filtering example, from EEG data – overlay in pink is 

the filtered outcome. 

The low-cost commercially available EEG amplifier, the Muse EEG Headband controller seen 

in Figure 32 is used. The Muse is a flexible, adjustable, lightweight headband with 7 built-in 

sensors capable of reading 4 channels of data. The Muse has five dry sensors on the forehead 

and two ‘SmartSense’ conductive rubber ear sensors [296]. The standardized 10-20 electrode 

locations [297] are visible in Figure 33. The headband is configured to stream data in its 

research mode [298] (pre-set ID: 14), in this mode, the Muse streams 16-bit data at 500Hz, 

which is equal or comparable to medical-grade EEG specifications [227]. Five channels of EEG 

data are recorded, TP9, AF7, FPz, AF8 and TP10 [297] at a frequency of 500 Hz over a Bluetooth 

connection. 

 

  

Figure 32. Muse Headband dry sensor 

locations. 

Figure 33. Muse Headband standardized 

10-20 electrode locations. 

 

By using an AAR Kalman filter on the data, we estimate the EEG wave during the EMG 

incident artifacts using surrounding neighboring EEG samples and correct those affected 

samples. This is done by evaluating a moving set of samples and checking for EMG 
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contamination. The contamination is then removed by estimating a normal rate of progression 

for the signal to reach from point A to point B using a sliding window for the length of the 

recording. 

EEG band power has been used as a feature to determine the active brain state [241]–[243]. 

Studies show [286], [299]–[301] that the EEG β rhythm (14–30 Hz) is activated when the brain 

is in a state of arousal. In other EEG studies, mental fatigue related features are associated with 

decreased α band (8-13 Hz) power at one or more parietal locations (e.g., P7 and P8). Ning-

Han Liu et al. [282] connected these two factors in their study and showed that alertness can 

be measured by the signal power of α divided by the signal power of β. Timothy McMahan et 
al. [302] also demonstrated that the ratio is related to arousal.  

Using the signal power of α divided by the signal power of β as the EEG feature, the EEG 

recordings are labeled with the CPT outcomes. A Butterworth bandpass filter was employed 

to extract the frequency response of the α and β bands from the EEG signal as demonstrated 

in [303]. Discrete Fourier Transform (DFT) was used to calculate the Power Spectral Density 

(PSD) of the α and β time series.  

DFT periodogram methods for estimating the spectrum power density are prone to variation 

[304]. Periodogram estimate variation is correlated to the square of the value of the spectrum 

itself. Welch’s method reduces this variance by averaging independent periodogram 

estimates. Each Welch window covers 50% of the next, which results in the smoothed-out 

average of independent periodogram spectrum estimations. We use a Hamming window as 

it produces the least amount of overshoot δ´¨≠≠ÆØ∞ < δ´¨ØØ < δ≤¨≥¥µ∂¥¥ [304] with the most 

accurate results for EEG data [303], [305].  

A Hamming window of M = 100 samples was chosen with a 50% overlap, and since the EEG 

frequency is 500 Hz, this Hamming window is equivalent to 200 ms of data. To help illustrate, 

an average data interval length is 2.3 seconds long and would have 2300 ÷ 200 × 2 = 23 

overlapping Hamming windows. Let {:!(0)} be the sequence, ! = 1, 2, 3⋯X signal intervals 

and l the interval length. Welch’s method to estimate the power spectrum discrete-time 

sequence is shown in Equation 22. Where H is the normalization factor (Equation 23) and the 

Hamming window calculation is shown in (Equation 24). Using the Welch method, the ratio 

of the α band power 8π to the β band power 8∫ is simplified as (Equation 25).  

 

Welch Method: 

Ĵ!(8) =
1

lH
	ºy :!(0)G(0)+Ωæpø`
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  Equation 22 
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H is the normalization factor for the Welch Method: 

 

H =
1

l
y|G(0)|

¿Ωn

¡¬√

  Equation 23 

 

Hamming window: 

 

G[0] = 	 *0.54 − 0.46 cos ƒ
2≈0

l
∆ , 0 ≤ 0 ≤ l,

0																																																			-.ℎ+7G/6+.

 

Equation 24 

 

 

The EEG Alertness feature: 

Alertness = 

»…^(  ̀)

»…^(`À)
 Equation 25 

 

Using the EEG alertness feature, the EEG recordings are labeled.  
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Table 9. EEG Alertness feature calculated for a sample of data that is collected during a Hit 

with fast reaction time. 

Timestamp 

Slide 

number 

Slide 

image 

code 

Slide 

expected 

response 

code 

Response 

time 

EEG 

Alertness 

feature 

Ĵ!(8π)

Ĵ!(8∫)
 

1.123 99 'y' 'w' [] 8.035391 

2.891 100 'x' 't' 0.415672 18.943130 

3.659 101 'b' 'w' [] 0.723423 

 

In Table 9, a sample of three readings from the EEG data from a ‘Hit’ trial is displayed and 

the temporal EEG Alertness feature values are calculated and presented in the last column of 

the table. 

4.1.2 Eye-gaze 

Eye-gaze tracking has been used in various applications including understanding user intent 

[211], [306], behavior [307], procedural errors in complex tasks [308], communication devices 

for the disabled [309], [310], determining mental workload [311], [312] and understand user 

attention [30], [211], [306], [307], [313]–[316]. Eyelid movement in combination with facial 

features has been used to theorize an affective platform in [16]. This work focuses on gaze data 

obtained using an eye-gaze controller. Although there are other ways to obtain gaze data, 

some of them fall into the category of “intrusive collection” [316]. In addition, when setting 

up an infrared eye-gaze tracker, a relatively small effort is required, making it suitable for a 

Multimodal Multisensor study with PMLD/CP participants. 

An eye-tracker measures the point of gaze and movement of the eye from one point of gaze 

to another. This measure serves as a marker of attention, the sustained emphasis of cognitive 

processing power on targeted information while ignoring distracting information [317]. 

Monitoring eye movements thus shows changes in attention. One way to explain changes in 

attention is the moving projector theory in which attention can be understood as a projector 

that moves when the focus is on the intended targets [318], [319]. When the projector 

illuminates the information, more efficient processing of the information may take place. 

However, during spatial attention shifts, this spotlight is turned off while attention moves to 

the next assisted location [318], [319]. This change of attention takes place in three mental 

stages; (a) a subject disengages the attention from the current focus, (b) attention is 

transitioned to the new location, and (c) attention is finally engaged at the new location [316], 

[320].  

Eye-gaze data includes Cartesian information regarding the eye-gaze location relative to the 

bottom left corner of the screen. We track gaze, which is both on and off-screen. The 

combination of off-screen gaze tracking and eye detection provides information on eye-gaze 

behaviors that relate to user attention.  
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Three features were extracted from the eye-gaze data; ‘eye scanning’, ‘eye dwelling’ and ‘eyes 

off-screen’. These features are commonly used in eye-gaze technologies to understand 

attention, interest and engagement [108], [240], [308], [311], [314], [321]–[327]. We introduce 

formulas to calculate eye-gaze scanning and dwelling, which are based on the definitions 

provided in [324]. All eye-gaze features are impartial to the elements on the screen and are 

calculated equally for signal and noise trials. 

Scanning represents the eye-gaze behavior of when the gaze tracks across more than one 

image element. The image elements are defined as any target, Imitation or Contrast image in 

the Seek-X type CPT image matrix (seen in Figure 21), one of the three images from Figure 20. 

Supervised machine learning methods require instances of labeled information to determine 

relationships between data and predetermined states. Pattern recognition algorithms use data 

matrixes to determine relationships between a series of data and the target classification. With 

a similar method, a series of eye-gaze data can be translated into eye movement behavior 

patterns, which will substitute our raw data in the classification process.  

The scanning feature is calculated in Equation 26 and represents the sum of the inverse 

distance from the center of each element. Where 7_¡ is that distance; from the eye-gaze location 

to the center of image / out of Ñ = 16 total image elements, for sample n, out of ß total discrete 

sensor samples. The relevant diagram is shown in Figure 34. 

Scanning = ∑ ∑
n

[ÃÕ

Œ
_¬n

œ
¡¬n  Equation 26 

 

Dwelling represents the eye-gaze behavior of when the gaze stays relatively in the same 

position for a duration of time. This behavior is independently calculated from the location of 

the image elements on the screen. The dwelling feature is calculated in Equation 27, which is 

the sum of the inverse distance from each eye-gaze position to the next. Where 0 is the sample 

number out of ß total discrete sensor samples, and ∆! is the distance the eyes have moved 

since the previous sample, as demonstrated in Figure 35. 

Dwelling = ∑
1

∆!0

ß
0=1  Equation 27 

 

 

Figure 34. Scanning 

calculation with respect 

to the active elements on 

the screen 

 

Figure 35. Dwelling 

calculation independent 

of active elements on the 

screen 
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The third feature extracted from the eye-gaze data is ‘eyes off screen’. This continuous but 

binary feature determines if the participant is looking within the screen area, regardless of 

whether there was a slide or blank slide on the display. This feature is calculated as in 

Equation 28.  

Eyes	off	screen = 	 ¢
1					+>+6	-88	697++0
0					+>+6	-0	697++0	

 
Equation 28 

 

The Tobii EyeX eye-gaze tracking controller [228] displayed in Figure 36 is used to measure 

and track eye-gaze data for this experiment. Eye-gaze data is recorded at 70 Hz [228] over a 

USB 3.0 connection. This device uses near-infrared light to track the eye movements and gaze 

point of a student [229]. It works in variable light conditions and allows for student head 

movement while maintaining accuracy [328], which is crucial for our user target group. It 

tracks eye-gaze data regardless of facial features, ethnicity, eyewear or contact lenses [328], 

[329]. The Tobii EyeX sensor is an eye-tracking peripheral based on Tobii’s IS3 hardware 

revision [329]. The Tobii EyeX uses backlight assisted near-infrared (NIR 850nm + red light 

(650nm)) to achieve a 95% tracking population [229], [230], [328], [330].  

 

 

Figure 36. Tobii EyeX controller. 

 

The eye-gaze data includes Cartesian information about the eye-gaze location for the bottom 

left corner of the screen. The screen dimensions were 1980 x 1080 pixels. The coordinates of 

the eye-gaze X values would typically be between [0-1980] and the Y values between [0-1080], 

see Table 10. The eye-gaze path (see Figure 37) would create scanning and dwelling patterns 

which are not only unique to the attention state but also unique to the participant. Participant 

specific eye-gaze patterns are described in section 4.6, Tools and empirical results. 
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Table 10. Sample eye-gaze data recording 

Time 

Slide 

Number 

Slide 

Image 

Code 

Gaze X-axes 

cord. (pixels) 

Gaze Y-axes 

cord. (pixels) 

Head 

distance 

Left Eye 

Detected 

Right 

Eye 

Detected 

1.014 7 't' 811.252672 684.516768 726.225144 1 1 

1.029 7 't' 831.771189 711.907167 727.572668 1 1 

1.042 7 't' 726.168431 717.639933 737.710769 1 1 

1.057 7 't' 789.94406 734.517148 773.65008 1 1 

 

  

Figure 37. Real-time eye-gaze tracking over CPT slide (left) and a visual timeline of recorded 

eye-tracking data (right) is shown where each dot represents an eye-gaze data sample and 

the yellow dots represent the Target (Wally), was seen by the participant. 

The eye-gaze controller, however, also makes good estimations of when the user is looking 

off-screen, so the X-Y gaze coordinates can exceed the screen resolution range. The controller 

also transmits information of when the left or right eye has not been detected by the sensor. 

The combination of gaze tracking outside the monitor and the eye detection provides 

information on when the user turns their head away from the screen. 

4.1.3 Body pose 

Humans interact with each other primarily through speech, but also through body gestures, 

to emphasize a specific part of speech and the display of emotions. Studies have shown that 

body posture and gesture can communicate affective modalities and also specific emotional 

categories [28], [29], [32], [54], [197], [331]–[334]. They have also been indicators of a firm or 

weak correlation of engagement during Human-Computer Interaction in gameplay [29], [32], 

[331], [333].  

Tracking of the head, neck, mid-spine, right and left shoulders and right and left hands are 

recorded (see Figure 38). Lower joints are not included because of occlusion, as the table (part 

of the platform) prevents such recordings. In this study, the participant is positioned in front 

of a computer system and is challenged to press a button when they identify the target. This 

type of interaction setup restricts the range of body movements and gestures a participant can 

engage in. Due to this limitation, we are also restricted in the range of features we investigate 
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in this mode of data. For this reason, we look at body fidgeting. Numerous studies [335]–[340] 

have investigated the importance of body fidgeting in detecting attention for students with 

PMLD. Fidgeting is an indicator of the onset of attention loss, boredom and engagement 

deterioration [333], [335], [341]–[343]. 

 

Figure 38. Body pose joints illustrated throughout the 

complete CPT task session in one graph. 

 

We calculate rapid body movement from body pose to assess fidgeting levels. The equation 

to extract this feature is seen in Equation 29. Where ∆!æ is the displacement vector of joint ” 

out of ß joints, and ∆. is the time passing between the displacement samples. 

 

Body fidgeting = 

n

œ
∑

‘∆^’‘

∆d

œ
æ¬n  

Equation 29 

 

Body pose is acquired through the Kinect v2.0 SDK [231], which will provide joint tracking 

data at 30 Hz over USB 3.0. The Kinect 2 sensor [231], is a sensor platform (shown in Figure 
39) for body tracking. Using structured light and machine learning it can infer body position 

[231].  
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Figure 39. Kinect 2 sensor types and locations. 

 

Table 11. Sample body pose recording segment; some joint data is not included to conserve 

space. 

Slide 

number 

Slide 

image 

code 

Time 

(seconds) 

Head X 

(meters) 

Head Y 

(meters) 

Head Z 

(meters) 

Spine X 

(meters) 

Spine Y 

(meters) 

Spine Z 

(meters) 

1 't' 1.033 -0.0048 0.3099 0.81217 0.05728 -0.0698 0.83084 

1 't' 1.067 0.00119 0.3134 0.82115 0.01616 0.02168 0.83218 

1 't' 1.100 0.0103 0.2616 0.77842 0.01625 0.02158 0.83184 

 

Kinect 2 is reported with an average depth accuracy of under 2 mm in the central viewing 

angle and increases to 2-4 mm in the range of up to 3.5 m [232]. The furthest distance captured 

by Kinect 2 is 4.5 m where the average error typically increases beyond 4 mm. A sample of the 

body pose data recording is seen in Table 11. 

4.1.4 Interaction data 

Interaction data features were extracted from the participants’ behavior activating a button 

press. The type of pressing, including quick presses or repetitive presses, was recorded as was 

other sensor data with a view to behavior, not just input, but as an independent sensor mode. 

This makes our approach unique as the input device is considered not only as an objective 

indicator of attention but also as a separate mode of interaction. We remain impartial to which 

slide is displayed and only consider the interaction behavior. How the button is pressed, 

specifically how fast the button is pressed, and how many times it is pressed is of interest. 

From button presses, we extract two features; single fast button presses and repetitive button 

presses. Single fast button presses are calculated using the formula described in Equation 30, 

with the caveat that they are only calculated if the participant presses the button once and 

only once during the response time duration. In other instances, the value for this feature is 

zero. The maximum press count is the second feature extracted from the button press data 

shown in Equation 31. This value is calculated for only the allowed response time interval and 

is zero when the button is not pressed. Fast response times in a CPT are a sign of participant 

attention [16] and repetitive button presses, are a sign of cumulative fatigue [344]. Therefore, 


