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Abstract 
This paper will present findings from the second phase of an Erasmus+ funded project which addresses 
at its very core inclusive education, thus affecting and supporting every teacher in the European 
countries that ratified the UNCRPD, 2008, as well as beyond Europe. Inclusive education is a major 
concern globally. The project supports teachers and teacher educators who have learners with 
mainstream or special educational needs in mainstream classrooms, facilitating inclusive education. 
The countries involved in the project are Belgium, Bulgaria, Serbia, Turkey, and the United Kingdom. 

To date the project has analyzed 74 case studies and 90 interviews with teacher educators across the 
countries involved to develop a pedagogical framework. This has informed the development of a mobile 
technology that will measure the engagement levels of learners and provide useful information to the 
teachers for appropriate pedagogical adaptations to planned learning content. This will promote 
differentiation, improve teacher understanding of different learning material impact and improve teacher 
and learner experience, thus leading to enhanced progression and a change in school’s practice.  

The mobile technology, now in beta testing stage, collects and analyses the multimodal data of 
engagement via five specially developed computer games to test a learner’s engagement level inside 
their comfort zone. The project draws on Swanson’s standardization of signal detection theory in a 
continuous performance test [1][2]. The learner’s performance in the game (errors and reaction time) 
provides objective criteria for labelling multimodal sensory data (body posture, eye gaze, facial 
expressions, head posture and EEG data). Machine learning methods are utilized to create a model of 
attention from the fused multimodal sensory data features. The learner’s attention and performance 
levels are presented to the teacher as a method to choose best practices and teaching methods that 
sustain learner engagement - which encourages deep learning [3] and meaningful outcomes [4].  

This paper will present findings from data collected from the beta testing phase, explain the process 
that has been developed, share the mobile games and associated application, and provide examples 
of use in schools across the partner countries. There will be opportunity for delegates to use the toolkit. 
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1 INTRODUCTION 
This paper presents findings from the second phase of an Erasmus+ funded project, which addresses 
at its very core inclusive education, thus affecting and supporting every teacher in the European 
countries which ratified the UNCRPD, 2008, as well as beyond Europe. Inclusive education is a major 
concern globally. This project will substantially contribute to the uptake and implementation of inclusive 
education by providing teachers and teacher educators with a toolset to support the assessment of 
each child as part of a holistic approach towards inclusive education. The countries involved in the 
project are Belgium, Bulgaria, Serbia, Turkey, and the United Kingdom. 

The main aim of this project is to provide teachers and teaching assistants with a mobile technology 
that will measure the attention and performance of learners and provide learner engagement 
information to teachers on appropriate pedagogical adaptations to planned learning content. Thus, 
promoting differentiation, reducing teacher time in planning and preparation, improving both teacher 
and learner experience and supporting the learner in improved learning performance, leading to 
enhanced progression and a change in schools’ practice. The mobile technology, reported in this paper, 
will comprise of a mobile game applications that model the individual learner’s attention and 
performance sensory profile and is later deployed as an attention-monitoring unit. Learners will play the 
mobile games; multisensory data will be collected where an algorithm will use the labelled multisensory 
data and predict the probability of engagement. Teachers will use this information to identify appropriate 
pedagogical adaptations from a framework, which has been developed in phase one. 
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The intended target groups are teachers and teacher educators in mainstream education, in inclusive 
settings and teachers and other professionals working in special educational settings, such as hospital 
schools. The beneficiaries will be learners who have moderate or mild learning challenges and their 
families, as well as representative NGOs and umbrella organisations. Stakeholders will include policy 
leaders across Europe, pedagogical experts, teachers and school leaders, as well as service providers 
supporting learners with special educational needs (SEN); professional associations for teachers and 
teacher unions. 

The project will involve several phases. The first phase was reported at the 13th annual International 
Technology, Education and Development Conference, March 2019. It identified a descriptive map of 
appropriate and effective pedagogical approaches teachers can use when teaching children with 
learning challenges in mainstream classrooms. Data to inform the descriptive map in this phase 
involved interviews with 90 teachers across Europe and 74 case studies.  

The next phase involves the development of five mobile games, designed and developed to enable 
learning performance and bio-sensory data to be collected from individual learners. While learners play 
the performance monitoring games bio-sensory data is collected including eye gaze [5], facial 
expressions, head posture and EEG brain activity. This data is analysed via a machine learning 
algorithm trained to recognize moments of high and low engagement. The algorithms will relay 
information to the teacher via the pedagogical attention and engagement-tracking unit of the app to 
predict the probability that they are engaged or frustrated with their current learning materials.  

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 [6]. Adaptation and being able to monitor, track and react contextually to learners' 
interest and engagement, plays a vital role in achieving this.  

Research identifies different types of engagement when using technologies. For example, [7] categorise 
engagement into verbal and non-verbal behaviours. Other research identifies that maintaining student 
engagement in learning is important because it is the most reliable feature for determining successful 
learning [8], [9].  

One of the main ways to measure attention and engagement in students with special educational needs 
is the use of the Special Schools and Academies Trust (SSAT) Engagement Scale [10]. “The 
Engagement Profile and 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.” [11]. The 
scale has been used to assess the impact of new technologies in special education – especially in the 
introduction of robots [12], [13] investigated the suitability of humanoid robots to support PMLD learning.  

One potential issue is that teachers assign a subjective rating to each criteria for assessment that may 
cause inter-rater variability. Studies have shown [14]–[16] that the teachers have variable accuracy and 
different levels of success in determining the affect state of students. Also, the interpretation and 
attribution  of children with learning difficulty’s emotional cues has been researched thoroughly in [17] 
and it was found that carers made significantly more critical and ‘fundamental attribution’ [18] errors  in 
the emotional expression of their clients with learning disability in comparison to their clients without 
learning disability. The variable success in recognizing of student affect state by the observer introduces 
noise in observatory data collection methods. In addition, the imprecise affect state labelling in this 
method casts doubt in the validity of affect data labelled by the teachers.  

Despite the growing knowledge on measuring attention based on standardized tests, little work has 
been done to explore possible correlations of this understanding to non-invasive sensory data. In this 
study, we explore a method of automating this process through the objective labelling of collected 
sensory data by looking at an independent measure for attention, the students’ own performance in 
attention demanding test. 

2 METHOD 
A continuous performance test (CPT) [19] is a common physiological test used to track sustained and 
selective attention. This approach provides knowledge of the student’s temporal performance with 
regards to the measured ‘attention’ indicators. Using mobile devices, a child’s level of attention can be 
assessed in a non-intrusive manner by analyzing their eye gaze, facial expressions, head posture and 
electrical activity of the brain with Electroencephalogram (EEG) data. This data will be collected via the 
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built in sensors of the mobile device or via a wireless Bluetooth connection in the case of the EEG data. 
The bio-sensory data is collected on the mobile device while the learner is playing a performance 
monitoring game (acting as a CPT). This experimental setup is displayed in Figure 1. Signal detection 
theory analysis measures [20] are used to determine, in real-time quantifiable values for learner 
attention and performance. 

Swanson’s signal detection [1] theory gives quantifiable information on the improvement of deterioration 
of attention in response to an intervention. CPT is a reliable measure of attention and there are 
significant correlations between its outcome measures (errors and response time) and teacher based 
ratings of inattention and compulsivity [21].  

The CPT outcome measures allow us to segment multimodal data from each student playing games 
into regions of high and low attention, and provides the labels by which we can supervise the learning 
of the data in an objective manner. This is fundamental to our approach–where the tool will be able to 
predict the attention level of each student undertaking a range of learning activities on their mobile 
device, and hence allow their teacher to understand what engages them best (as part of the process of 
initiation of attention, engagement and disengagement). This is very important since as Carpenter [B. 
Carpenter [22] points out ‘engagement is the single best predictor of learning in students with learning 
disabilities’, and without engagement there will be no deep learning [3] or meaningful outcome [4].  

Using Swanson’s theory [1] the Continuous Performance Test is adopted to create games that test a 
person’s attention inside their comfort zone. Using mobile devices, a child’s level of attention can be 
assessed in a non-intrusive manner by analyzing their reaction time, and responses in the CPT. Signal 
detection theory analysis measures [20] are used to determine, in real-time quantifiable values for 
learner attention and performance.  

 
Figure 1. The multimodal experimental setup includes built-in and external sensors 

 connected to a tablet that track affect related information.  

Five games have been designed, of which the first 3 have been developed in Matlab [23] and one in 
iOS and Android. These games are based on the signal detection theory logic. The learner must 
respond by pressing a button after a predefined pattern is displayed to them. This pattern (or target) 
and other signals will be displayed to the student in random order in a continuous repetitive test (a 
CPT). The progression is shown in Figure 2. This test measures the visual attention and the 
engagement of the student over a duration of time. 

 
Figure 2. The progression of slides is the main foundation of a CPT. 
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Generally, a signal slide is shown (for 1 or 1.2 seconds) and is followed by a blank slide, which both 
allows for a period of 1 second break before the next slide and also forces the participant to use 
recollection to make a decision on their choice of response. Specific slide order will be created using 
the Procedural Content Generation (PCG) method from a seed. The seed and the order is recorded. 
Using PCG ensures that a session’s conditions can be closely replicated as much as possible in the 
future.  

All button presses regardless of which button is pressed and how many times it has been already 
pressed is recorded, with timestamps, regardless of the current slide 

The following CPT game types are being developed for this project: 

- Game 1: Simple Type-X CPT test 
- Game 2: Seek-X CPT test (find Casey the cat) 
- Game 3: Type-AX CPT test 
- Game 4: Seek-AX CPT test (find Casey the cat with a pre-condition slide) 
- Game 5: Seek-AX test with Quiz 

The continuous performance measures are recorded for each session. These include the student’s 
reaction time, response outcome, the slide order, complexities, and the type of the CPT.  

3 RESULTS AND DISCUSSION 
The CPT outcome measures will allow us to label these multimodal data from each student playing 
games (eye gaze, facial expressions, head posture and EEG) into regions of high and low attention. 
The multimodal bio-sensory data is fused and multiple features related to attention are selected to form 
the multi-modal fusion approach. This provides the data and labels by which we can supervise the 
learning method for the data. Significantly, the tool will be able to predict the attention level of each 
student undertaking a range of learning activities in the classroom. This allows the teacher to 
understand which learning materials and methods engage each student best. Without this approach, 
there would be no objective measure or automated way of performing a supervised learning method on 
the data. The data is labelled by the system in real-time with labels of high and low attention and 
performance, this allows for time critical just in time responses to the data frame events, which can later 
be used for interventions. 

Signal Detection Indexes: 
There are different signal detection analysis tools. Some of these are d′ (D prime) known as 
discriminability was defined first by Brophy in [24]. d′ is the ability of the student to discriminate between 
Correct Omissions and Correct Commissions. To calculate the value of d′, we must first become familiar 
with the concept of z-scores and φ (phi). The z-score is defined as the distance from the mean in units 
of standard deviation. Φ is a function of z-scores to probabilities of a normal distribution.  

In the case of signal detection theory, our interest is specifically in inverse phi or φ-1 which converts 
normal distribution probabilities of the CPT test (outcome ratios, which we have access to) to z-scores. 

Given that, we have this for d′: 

d′ = φ-1(H) - φ-1(FA) 

Where H is the Hit rate and FA is the False Alarm rate. The hit rate is the proportion of trials where 
the target was present and the student responded that the target was present. The false alarm rate is 
the proportion of trials where the stimulus was not present, and the subject responded that the stimulus 
was present. It is useful to have a confusion matrix (seen in Table 1) to demonstrate how we analyze 
the CPT outcomes measures.  

Table 1. Confusion Matrix for an example CPT test outcome. 

Correct Commission (CC) = 25 Wrong Commission (WC) = 7 Total presses (TP) = 32 

Wrong Omission (WO) = 3 Correct Omission (CO) = 13 Total omissions (TO) = 16 

Total Targets (TT) = 28 Total Imitations (TI) = 20 48 
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Hit rate (H):  
H is the probability of a yes response given the target is present: H=P (yes|present). H can vary between 
0 and 1. 

H = P (yes|present) = CC / TT 
For the example from the confusion matrix: H = 25/28 = 0.89 

False alarm rate (FA) [sometimes also shown as F]: 
FA is the probability of a yes response given the target is absent: FA=P (yes|absent). FA can vary 
between 0 and 1. 

FA = P (yes|absent) = WC / TI 
For the example from the confusion matrix: FA = 7/20 = 0.35 

Given the above values, the d′ value for the example is calculated in the following way: 

d′ = φ-1 (0.89) – φ-1 (0.35) =1.23 – (- 0.39) = 1.61 

4 CONCLUSIONS 
In this research project, an objective method for tracking learner attention has been presented. Learner 
attention is tracked using a continuous performance test, which is an objective method of determining 
real time learner attention. This method is enriched with performance analytics that allow the system to 
determine periods of low and high attention.  

74 case studies and 90 interviews from 5 European countries have been evaluated to develop a 
robust pedagogical framework for engaging students. This framework supplemented with the system, 
completes the tool for assisting teachers in finding the best practices and most effective methods of 
teaching for each pupil. 

The project is using the CPT analysis to establish a method for real-time labelling of the bio-sensory 
data with labels of low and high attention levels through the CPT outcome measures. The learner’s 
answers to the CPT test, correct and wrong responses and reaction time, determine these measures. 
Sensory data coming from five sensory sources (body posture, eye gaze, facial expressions, head 
posture and EEG) will be labeled in regions of high and low attention. Attention related features are 
selected and unified in the multimodal fusion approach. This forms the automatic and objective labeling 
of the bio-sensory data, which forms the input of the machine learning algorithms.  

In the next stage of the project, we identify how the application and handbook supports teachers to 
understand which learning and teaching approaches best engage students with mild or moderate 
disability to assist their inclusion. A handbook for teacher educators on how to use the descriptive map 
of effective pedagogical approaches will be available on the project web site, together with a manual 
for teachers on using the App and an impact and best practices report. 
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