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Abstract 

Attention is essential for classroom learning, yet measuring it during learning remains 

challenging. Traditional behavioural measures are often subjective and lack the precision needed 

to capture moment-to-moment shifts between on-topic and off-topic attention. This study 

explores the potential of EEG (Electroencephalography)-based neural envelope tracking (NET) as 

an indicator of external on-topic auditory attention to the teacher’s voice. Unlike more traditional 

EEG-measures of attention, NET considers where attention is directed to by correlating the 

teacher’s voice with the EEG-decoded stimulus. EEG data were collected while participants (n = 

30) watched a video lecture on neuromyths that included attention manipulations (e.g., 

distraction, enhancement). Participants also provided self-reported attention ratings and 

completed a performance test on its content. The results indicated that NET was sensitive to 

decreases in external on-topic attention during distractions, supporting the potential of NET as an 

indicator of external on-topic auditory attention during learning.  
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1. Introduction 

The concept of attention has been the focus of extensive debate, reflecting its complexity and the 

absence of a universally accepted definition. Nevertheless, there is a broad consensus that 

attention should be regarded as an umbrella term for multiple different but related processes 

(Anderson, 2011; Cohen, 2014; Di Lollo, 2018; Hommel et al., 2019; Styles, 2006). To better 

understand attention in educational contexts, Keller and colleagues (2020) proposed a framework 

specifically tailored to classroom learning. It distinguishes two dimensions: (1) internal versus 

external attention and (2) on-topic versus off-topic attention. This results in four distinct 

attentional states: (1) internal on-topic attention, (2) external on-topic attention, (3) internal off-

topic attention and (4) external off-topic attention. This framework enables characterisation of 

students’ attentional states at any given moment during classroom learning, which is important 

because variations in on-topic and off-topic attention are associated with differences in learning 

outcomes (Olney et al., 2015; Keller et al., 2020). Capturing these momentary shifts, however, 

remains challenging. Existing methods range from behavioural to physiological measures, each 

offering valuable but incomplete insights into specific aspects of attentional processes (Booth et 

al., 2023). In this study, we focus specifically on the measurement of external on-topic auditory 

attention directed toward the educational content delivered by the teacher in a video lecture.  

Common behavioural measures of external on-topic attention include self-reports, observations, 

and performance tests. Self-reports are typically collected through questionnaires, and a 

common approach involves administering those self-reports at the end of, for example, a lecture, 

allowing participants to reflect on their overall attentiveness (Blasiman et al., 2018; Hobbis & 

Lavie, 2024). However, because they require participants to assess their external on-topic 

attention retrospectively over an extended period, they fail to capture moment-to-moment 

fluctuations. To address this, some studies used a probe-caught method, in which participants 

are asked during a lecture (Bühler et al., 2024; Forrin et al., 2021; Risko et al., 2013; Smallwood et 

al., 2007; Varao-Sousa & Kingstone, 2019) or while reading a text (Smallwood et al., 2007) what 

they were thinking about just before the probe questions appeared. Response options vary widely, 

ranging from two categories (on-task vs. off-task) to seven categories (e.g., on-task, day-

dreaming, personal concerns), and often include an indication of whether the participant was 

aware or unaware of the attention lapse. The frequency of probes also differs substantially across 

studies, partly depending on the length of the lecture or text, but even within similar contexts there 

is a considerable variability. However, this method only provides information about attention 

immediately prior to the probe question, and may disrupt periods of high attention, which is to be 

avoided when measuring attention (Keller et al., 2020). A potential solution is the use of another 
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self-report method, namely, the self-caught method using clickers, in which participants indicate 

attention lapses as they occur (Bunce et al., 2010; Hlas et al., 2019). In both studies, participants 

received a clicker with three buttons, each representing a different duration of distraction, such 

as 1 minute or less, 2-3 minutes, or 5 minutes or more, allowing participants to report how long 

they had been distracted from the course content. Although these self-report methods offer 

valuable insights into external on-topic attention during learning, they rely on participants’ self-

awareness and their interpretation of external on-topic attention, creating a risk of biased self-

reporting.  

Another common behavioural method for assessing external on-topic attention is observation 

(Grammer et al., 2021; Keller et al., 2020; Rapport et al., 2009). In these studies, attention is 

operationalised through observable indicators of attentive behaviours, such as gaze and body 

positioning. Observers code behaviour either in predefined intervals as attentive or inattentive 

(Rapport et al., 2009) or based on the duration of specific inattentive cues (Grammer et al., 2021). 

However, because observations rely on the interpretation of behaviour and gaze by the observer, 

they are just as subjective as self-reports (Bradbury, 2016; Keller et al., 2020). 

While self-reports and observations provide direct measures of external on-topic attention, 

performance tests are often used as indirect indicators of external on-topic attention (Bevilacqua 

et al., 2019; Boudewyn & Carter, 2018; Davidesco et al., 2023; Dikker et al., 2020; Zeamer & Fox 

Tree, 2013). In all these studies, participants completed a test with items about the content of the 

lecture they just attended, and higher scores are assumed to reflect higher levels of attention. 

However, performance depends on many factors beyond attention, such as prior knowledge and 

motivation, meaning it cannot be seen as a pure measure of external on-topic attention alone.  

The major limitations of all the abovementioned behavioural measures are their reliance on 

interpretation and/or self-awareness, their indirect nature, and their inability to capture the rapid 

fluctuations of attention during learning. Neurophysiological measures have been suggested as 

promising, more objective tools for assessing attention, as they allow for the monitoring of 

cognitive processes during learning rather than afterwards, without interrupting attention by 

asking questions or relying on interpretation and self-reports (De Smedt, 2018; Mayer, 2017). 

Especially electroencephalography (EEG), a non-invasive brain imaging technique with high 

temporal resolution, has been suggested to overcome the limitations of behavioural methods as 

it has the possibility to capture momentary fluctuations of attention in the classroom without 

being affected by subjective interpretation (Malik & Amin, 2017; Mayer, 2017). 
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A first commonly used EEG measure of attention in the classroom is brain-to-brain synchrony, 

observed either between students or between students and their teacher. This phenomenon 

occurs because individuals exhibit similar neural activity during shared learning experiences, and 

this synchrony increases with greater attention (Bevilacqua et al., 2019; Cohen et al., 2018; 

Davidesco, 2020; Davidesco et al., 2023; Dikker et al., 2017; Dmochowski et al., 2012; Ki et al., 

2016; Liu et al., 2025; Madsen & Parra, 2022; Poulsen et al., 2017). Davidesco et al. (2023) 

examined both student-student and student-teacher brain-to-brain synchrony. In their 

experiment, a group of four students attended four mini-lectures (~ 7 minutes). They found that 

increased brain-to-brain synchrony between student dyads predicted better immediate and 

delayed learning outcomes, while student-teacher synchrony only predicted immediate learning 

outcomes. Bevilacqua et al. (2019) similarly investigated student-student and student-teacher 

brain-to-brain synchrony in a real-world high school biology classroom. Unlike Davidesco et al. 

(2023) they could not find a direct link between brain-to-brain synchrony and immediate learning 

outcomes. Although brain-to-brain synchrony reflects shared neural processing, it is not 

exclusively driven by attention, it is also affected by other factors such as the nature of the stimuli 

and social dynamics (Bevilacqua et al., 2019; Davidesco, 2020; Dikker et al., 2017; Liu et al., 

2025). Two more key challenges are faced when using this measure for external on-topic 

attention. First, because brain-to-brain synchrony reflects a shared experience, synchrony may 

also increase when students are jointly distracted by the same external stimulus. Second, this 

method requires EEG data from multiple individuals, therefore it cannot be used to track external 

on-topic attention at an individual level.  

To capture attention at an individual level with EEG, alpha power has been frequently used 

(Boudewyn & Carter, 2018; Foxe & Snyder, 2011; Levy, Shadi, et al., 2025; Matsuo et al., 2024; 

O’Connell et al., 2009), with lower alpha power reflecting increased external attention (Boudewyn 

& Carter, 2018; Compton et al. 2019; Grammer et al., 2021; Ki et al., 2016; Polychroni et al., 2022). 

Grammer et al. (2021) used alpha power to compare attention across instructional contexts. In 

this study, a small group of students participated in four different instructional activities: whole-

group lecture, video watching, group discussion, and independent work. Alpha power was 

significantly higher, indicating lower attention, in teacher-led activities compared to student-

initiated activities. Similarly, Dikker et al. (2020) examined differences between educational 

videos and traditional lectures using alpha power, self-reports of attention and learning 

outcomes. Data were collected from 22 high school students across multiple biology classes. The 

findings revealed that alpha power was lowest during educational videos compared to lectures, 

aligning with higher self-reports and better test performance for educational videos. Ki et al. 
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(2016) examined attention using alpha power across audiovisual versus auditory-only stimuli, 

each presented once with instructions to attend and once with the instructions to count down 

from 1000 in steps of 7. The results indicated higher alpha power, indicating lower attention, in the 

counting condition and the auditory-only condition, as anticipated. However, while alpha power 

can indicate whether a student is generally attentive, it cannot reveal the focus of attention. For 

instance, a student might exhibit low alpha power during a lecture, suggesting high attention, but 

the student’s attention could be directed towards something other than the teacher’s speech, 

such as their smartphone. Consequently, despite the low alpha power, the student may miss what 

the teacher is saying, leading to a misinterpretation of their attentiveness to the lecture. 

Addressing this key limitation is essential for understanding how external on-topic attention 

contributes to learning outcomes. 

To address the key challenges of brain-to-brain synchrony and alpha power, neural envelope 

tracking (NET) provides a stimulus-specific and individual measure of external on-topic auditory 

attention, allowing to determine whether students are attending to the teacher’s speech. NET is 

based on the assumption that when people actively listen to a specific person, their brain signals 

synchronise with the short-term amplitude fluctuations of the speech signal (i.e., the envelope of 

the speech signal), and this coupling is assumed to decrease when not attending to the speech. 

To quantify external on-topic auditory attention using NET, a correlation is calculated between the 

actual speech envelope and a reconstructed speech envelope from the brain responses using a 

pre-trained EEG decoder. In previous studies using NET, the correlation between these two tends 

to reflect the individual's auditory attention to the stimulus (Mirkovic et al., 2015; O’Sullivan et al., 

2015; Roebben et al., 2024; Straetmans et al., 2024; Vanthornhout et al., 2019). 

This method has been employed by multiple researchers for selective attention decoding in 

competing speech paradigms, in which participants attend to one speech stream and ignore the 

other. In the studies by O’Sullivan et al. (2015) and Mirkovic et al. (2015) participants were asked 

to listen to two different stories simultaneously and to focus on one of the stories. In both studies, 

NET was able to reliably identify which story participants were attending to. Straetmans et al. 

(2024) conducted a similar study but in more complex environments by adding background noise 

to the paradigm and by conducting the research in an everyday life setting, such as sitting in a 

hallway or walking on the street. Even in these more complex environments, it was possible to 

identify the attended speaker among other speakers using NET. Other studies have used NET for 

absolute attention decoding, examining fluctuations in auditory attention to a single stimulus. The 

studies by Roebben et al. (2024) and Vanthornhout et al. (2019) included a condition designed to 

induce attentional disengagement, in which participants were instructed to ignore the auditory 
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stimulus while performing a different task (e.g., watching a silent movie, reading a text) and 

compared it with an active listening condition in which full attention is paid to the auditory 

stimulus. They found that NET was higher during active listening, indicating its sensitivity to 

attentional fluctuations within individuals.  

To the best of our knowledge, only three studies have explored NET for absolute attention 

decoding in an educational context (Levy, Hackmon, et al., 2025; Levy, Korisky, et al., 2025; Levy, 

Shadi, et al., 2025). In the first study (Levy, Korisky, et al. 2025), the impact of background noise 

on performance and NET was investigated. Participants viewed short (~40s) mini-lectures in a VR 

classroom while EEG was recorded. The mini-lectures were divided in three conditions: quiet, 

continuous background noise, and intermittent background noise. After each lecture, they 

answered four multiple-choice questions. Performance was slightly, but not significantly, lower in 

the noise condition compared to the quiet condition, and significantly worse in the intermittent 

noise condition compared to the continuous noise condition. Similarly, NET was significantly 

reduced in the noise conditions compared to the quiet condition, with the most pronounced 

reduction in the intermittent noise condition. The second study (Levy, Hackmon, et al. 2025), used 

a similar design with 30 mini-lectures, 22 of which included sporadic background noise (e.g., 

human and artificial sounds). Participants again answered four multiple-choice questions after 

each lecture. The study compared attention and distractibility in individuals with and without 

AD(H)D. No significant performance differences were found between quiet and noise conditions, 

or between groups. NET was slightly lower for the AD(H)D group in the noise condition, suggesting 

reduced external on-topic auditory attention in the presence of background noise. In the last 

study (Levy, Shadi, et al., 2025), a 35-minute lecture was used to investigate the impact of 

situational interest and background noise on NET, among other outcome measures. The lecture 

was divided into 63 segments, lasting 23–40 seconds each. In between these segments, 

participants rated their situational interest on a 7-point Likert scale and after every three 

segments, participants answered three multiple-choice questions on the content of the lecture. 

Each segment was assigned to one of the conditions: silent, continuous background noise or 

intermittent background noise. The results indicated that both background noise and situational 

interest significantly influenced NET, however, the impact of situational interest was stronger.  

Evidence for the applicability of NET to assess external on-topic auditory attention in an 

educational context remains limited. To properly evaluate its potential in classroom contexts, 

studies should incorporate educationally relevant stimuli to obtain results that are truly reflective 

of students' attentional processes during classroom learning (van Atteveldt et al., 2018). Most 

prior research has relied on non-educational content, such as children’s stories (Mirkovic et al., 
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2015; O’Sullivan et al., 2015; Roebben et al., 2024; Straetmans et al., 2024; Vanthornhout et al., 

2019), paradigms with competing speakers (O’Sullivan et al., 2015; Mirkovic et al., 2015; 

Straetmans et al., 2024), or stimuli shorter than a typical classroom lecture (Levy, Hackmon, et 

al., 2025; Levy, Korisky, et al., 2025). These approaches do not reflect the complexity of classroom 

learning, where students must sustain attention and engage with educational material over 

extended periods.  

Against this background, we examined whether NET could be used as an indicator of external on-

topic auditory attention to the teacher’s voice. Participants watched a 65-minute video lecture 

while EEG was recorded. During this lecture, we included multiple interventions to manipulate 

the external on-topic attention of the participants (Figure 1). Specifically, we tried to enhance 

attention by displaying a large red exclamation mark and a red frame around the video, with a prior 

instruction that this indicates an important part of the lecture. In order to create distraction, a 

funny animal video or disturbing background noise, such as in-class background noise or 

construction works, was incorporated. To induce attentional disengagement, participants were 

instructed to ignore the video lecture and perform an alternative task. Based on prior studies, we 

hypothesised that NET would be reduced during conditions designed to disrupt (distracting 

condition) or withdraw (disengagement condition) attention from the video lecture  (Levy, Korisky 

et al., 2025; Levy, Shadi, et al., 2025; Roebben et al., 2024; Vanthornhout et al., 2019). In addition 

to EEG, we collected self-reported attention at fixed time points using five 10-point Likert-scale 

questions and assessed learning with a post-lecture performance test. This allowed us to validate 

NET by examining its associations with established behavioural methods, which we hypothesised 

would reflect external on-topic attention fluctuations induced by our manipulations (Blasiman et 

al., 2018; Levy, Korisky et al., 2025; Zeamer & Fox Tree, 2013). Finally, we compared NET to more 

general EEG-based indicators of attention in the classroom, namely brain-to-brain synchrony and 

alpha power. We hypothesised that NET would be more sensitive to fluctuations in students’ 

attention to the teacher as compared to these measures. Specifically, we expected lower NET 

during the distracting condition, while brain-to-brain synchrony would likely remain high because 

participants experienced the same distractions simultaneously, maintaining shared neural 

responses. Similarly, we expected lower NET in the attentional disengagement condition but did 

not expect alpha power to clearly reflect this drop in attention to the teacher’s voice, since 

participants remain engaged in an external task. Although a shift in alpha power is expected, its 

direction is unclear since both listening and the other task (e.g., reading and math exercises) 

require attentional engagement (Boudewyn & Carter, 2018; Compton et al. 2019; Grammer et al., 

2021; Ki et al., 2016; Polychroni et al., 2022).   
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2. Method  

2.1. Participants 

Data were collected from a sample of 30 participants (7 males), aged between 18 and 35 (Mage = 

24 years; SD = 3 years). All participants were native Dutch speakers with normal to corrected-to-

normal vision and no hearing difficulties. None of the participants reported a deficit in attention. 

The participants’ backgrounds varied considerably in terms of their studies and careers, although 

nearly all were either pursuing or had completed a higher education degree.  

Participants received monetary compensation for their participation. Written consent was 

obtained from all participants, and the procedure was approved by the Social and Societal Ethics 

Committee (SMEC) of KU Leuven (G-2023-7126). 

2.2. Design 

The data collection consisted of two parts (Figure 1). First, EEG data were collected while 

participants watched an online lecture. During breaks in the lecture, participants answered five 

questions about their external on-topic attention. Second, participants were asked to complete a 

performance test with 37 items about the video’s content.  

The online lecture covered the topic of neuromyths (Howard-Jones, 2010; Jarrett, 2015) and had 

a total duration of 65 minutes. The video depicted a teacher and a PowerPoint presentation 

containing only images (Figure 1). As the aim was to measure external on-topic auditory attention, 

all information was given orally, with the images only supporting the spoken content. These 

images were not intelligible without the accompanying speech. A schematic representation of the 

video is provided in Figure 1. The video was divided into seven blocks: an introduction (5 minutes) 

and the six subsequent blocks, each addressing a different neuromyth (10 minutes each). The 

following neuromyths were included: (1) study pills help you study better and become smarter, (2) 

we only use 10% of our brains, (3) there are critical periods in child development; once these 

periods pass, certain things can no longer be learned, (4) teenagers who sleep a lot are just lazy, 

(5) differences in dominant brain hemispheres (left-brained vs. right-brained) can explain 

differences in performance and (6) boys have a boy’s brain and girls have a girl’s brain.  

As shown in Figure 1, we included several manipulations throughout the video to influence 

participants’ external on-topic auditory attention. The timing of these manipulations was identical 

for all participants because, in addition to NET, we also examined brain-to-brain synchrony, and 

counterbalancing was not feasible for that analysis. For the attention enhancing condition, a red 

frame appeared around the video together with a big red exclamation mark in the upper left corner. 

Participants were informed beforehand that they had to pay extra attention when these signs 
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appeared, as they were sure to be asked questions about these parts. For the distracting 

condition, three types of distractors were used: (1) construction noise added to the audio, (2) an 

animal video without audio shown in the bottom right corner, and (3) classroom noise added to 

the audio. In the attentional disengagement condition, participants were instructed to ignore the 

video lecture while performing an alternative tasks: (1) completing several math exercises (e.g. 16 

+ 35 = … + 47 = … + 89 =… - 28 = …), (2) reading a text (66 sentences) and (3) counting down in 

steps of 17 starting from 994 based on Ki and colleagues (2016). At the start of the experiment, 

participants were given the text and math exercises on paper, along with instructions to complete 

these tasks when the message appeared on the screen, until they heard a beep. They were given 

the explicit instruction to focus completely on the alternative tasks and to not listen to the 

information presented in the video during that time to induce attentional disengagement from the 

video lecture. Each of the three manipulation types (enhancing, distracting, disengagement) 

consisted of three manipulation windows of 90 seconds, and each block of the video contained 

only one type of manipulation. This resulted in a total of 4.5 minutes of data per manipulation. The 

data in between these manipulations were used as a baseline condition, some of which was used 

to train the EEG decoding algorithm (see 2.4.1.3. Stimulus reconstruction and correlation). 

Block 1 did not contain any manipulations and was entirely used for training the decoding 

algorithm (see 2.4.1.3. Stimulus reconstruction and correlation). Block 2 consisted of two 

enhancers, one in the beginning and one at the end. In between these enhancers, there were four 

minutes that were used for training the decoding algorithm. Block 3 was the same as Block 2 

except with two times the disengagement condition instead of the enhancing condition. Block 4 

contained no manipulations and the first six minutes were used for training of the decoder. Block 

5 contained three distractors and no part that was used for training. Block 6 had one enhancer in 

the second half of the block, and the first four minutes of the block were used for decoder training. 

Block 7 was again the same as Block 6 except with the disengagement condition instead of the 

enhancing condition. After each block, participants answered questions about their external on-

topic attention during the past block. They received this self-report questionnaire on paper at the 

start of the experiment, together with the alternative tasks for the disengagement condition.  

The EEG data were collected using a BioSemi Active Two system with 64 electrodes (10-20 

system) at a sampling rate of 2048 Hz (Biosemi, n.d.). EEG was recorded while the participants 

watched the video lecture. To synchronise the EEG signal with the video, a flashing square was 

added to the upper right corner of the video. The square alternated between black and white every 

minute, which was monitored using a photosensor. This flashing square was not visible to the 

participants, as the photosensor was taped over the blinking corner on the screen.  
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Figure 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The figure provides a comprehensive overview of our protocol. The video consisted of 7 blocks, which are indicated with different colours, each 
addressing a different neuromyth. After each part, the participants had to score their own external on-topic attention with a questionnaire and after the 
video they had to do a performance test. The small (coloured) rectangles represent the nine manipulation windows and the larger (grey) rectangles 
indicate the parts that were used for training of the decoder. The little circles indicate which item on the performance test belongs to that part of the 
video.
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2.3. Materials  

Attention self-report 

A self-report questionnaire was administered at fixed time points throughout the video to assess 

participants’ self-reported external on-topic attention levels. As previously discussed, the video 

was divided into seven blocks, and after each block, participants had to answer five questions 

regarding their attention levels. These questions were (1) How attentive were you during the 

previous block?, (2) How well do you think you processed the information from the previous 

block?, (3) How would you rate your concentration during the previous block?, (4) How long were 

you distracted from the lesson during the previous block? and (5) To what extent were you able to 

maintain your focus during the previous block? Responses were recorded on a 10-point Likert 

scale. To ensure that the participants read the questions carefully, the order of the questions was 

varied after each block.  

For each block, a mean attention score was calculated using the Likert scores on the five 

questions. The score for the question measuring distraction was reversed so that a higher score 

indicated more external on-topic attention rather than more distraction. 

Performance test  

After they watched the video, participants completed a paper-and-pencil performance test 

consisting of 37 items about information presented in the video lecture, which was included as 

an indirect measure of external on-topic attention. The items were distributed equally across the 

four conditions, with seven items pertaining to the attention enhancement condition, seven to the 

attention distraction condition and seven to the attentional disengagement condition. The 

remaining 16 items were from the baseline condition without any manipulations.  

The test included both open and multiple-choice questions, with each condition having an equal 

number of open (n = 3) and multiple-choice (n = 4) questions. For the baseline condition, there 

were seven open questions and nine multiple-choice questions.  

To minimise guessing, participants had the option to indicate that they did not know the answer 

to a question. Additionally, they could indicate if the information needed to answer the question 

was not present in the video. This option was included to discern whether participants did not 

remember the information or did not hear it. All necessary information to answer the questions 

was included in the video.  

Participants received a score of one for each correctly answered question and a score of zero for 

each incorrectly answered item. Similarly, if participants indicated to not know the answer or to 
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not have heard the information, a score of zero was given. The theoretical maximum score on the 

performance test was 37. For some analyses, the percentage correct answers per condition was 

used as a performance measure to compensate for the difference in the number of items between 

the three conditions and the baseline condition.  

2.4. Analyses 

2.4.1. NET measure 

2.4.1.1. Preprocessing  

In this study, we applied two stages of filtering to the EEG signal to prepare it for further analysis. 

First, we used a first-order IIR (infinite impulse response) high-pass filter with a cutoff frequency 

of 0.01 Hz to remove very low-frequency components, such as baseline drift and other slow 

fluctuations. After high-pass filtering, we downsampled the data to a sampling rate of 128 Hz 

using MATLAB (version 9.11 - 2021b) built-in ‘resample’ command (applying appropriate anti-

aliasing filters).  

Next, we applied a fourth-order IIR bandpass filter to focus on the key frequency components 

between 0.1 Hz and 4 Hz (Li et al., 2025). This frequency band was selected because it captures 

slow brain activities related to attention and cognition, which are crucial for phase-locking to the 

speech envelope, the slow variations over time of the speech stimulus. After this filtering step, the 

data was further downsampled to 16 Hz to improve the efficiency of subsequent signal processing 

algorithms. 

2.4.1.2. Speech Envelope Extraction  

The speech envelope served as the audio feature in this study. Prior research indicates that EEG 

signals can phase-lock to the speech envelope (O’Sullivan et al., 2015). To extract this feature, we 

employed the method from Biesmans et al. (2017), which uses a gammatone filterbank and a 

power law compression to simulate the frequency selectivity of the human cochlear system. 

2.4.1.3. Stimulus Reconstruction and Correlation  

We adopted a backward model to train a linear spatial-temporal decoder on a per-subject basis 

using the 27 minutes of data in the grey boxes in Figure 1. The goal of this decoder is to filter out 

neural activity that is not related to the speech stimulus, and to reshape and combine the 

stimulus-following neural responses to generate an output that is as close as possible to the 

original speech envelope. This is achieved by means of a linear regression on nine time-lagged 

copies of each EEG-channel with the speech envelope as the target and using the least-squares 
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criterion (Biesmans et al., 2017). During the validation phase, we applied the trained decoder on 

30s windows and calculated the Pearson correlation coefficient between the reconstructed 

speech envelope (i.e. the output signal of the decoder) and the ground-truth speech envelope 

(Figure 2). We hypothesised that a higher correlation value (hence stronger neural responses to 

the speech stimulus) indicates a higher level of external on-topic attention, i.e. to the teacher’s 

voice (Roebben et al., 2024). In the rest of the paper, we will use the acronym NET (i.e. neural 

envelope tracking) to refer to the correlation between this reconstructed speech envelope and the 

ground-truth speech envelope, each time measured over a window of 30 seconds. 

In order to further analyse the data, we average all NET values per condition obtained within the 

manipulation window (as indicated by the coloured boxes in Figure 1), as well as across entire 

blocks of the video. The latter includes a combination of data in which attention was manipulated 

and data in which it was not (note that each block contains only one type of manipulation). This 

last measure, NET averaged across an entire block, is included to enable comparison with 

behavioural data from the self-reported attention questionnaire, in which participants rated their 

external on-topic attention over the same time span.  

Figure 2 

Schematic representation of NET 

 

The figure (adapted from Geirnaert, 2022) illustrates NET, which computes a correlation 
between the reconstructed speech envelope based on the participants’ brain signals and the 
actual speech stimulus of the teacher.  

2.4.2. Brain-to-brain synchrony  

To compute the brain-to-brain synchrony, we used the “Maximum Variance” (MAXVAR) 

Generalised Canonical Correlation Analysis (MAXVAR-GCCA) framework (Carroll, 1968; Horst, 

1961; Kettenring, 1971). This method computes a set of subject-specific spatio-temporal filters 

that project each participant’s EEG into a shared low-dimensional subspace, such that the 

projected signals across subjects are as close as possible. 
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The preprocessing for the ISC analysis followed the same overall structure as the general EEG 

pipeline. Slow drifts were removed using a first-order IIR high-pass filter at 0.5 Hz. The EEG was 

then downsampled to 128 Hz, after which a fourth-order IIR band-pass filter between 1 and 4 Hz 

was applied. Following this filtering step, the data were further downsampled to 16 Hz. 

MAXVAR-GCCA filters were trained on the designated 27-minutes training data (see grey boxes 

Figure 1). For each subject, a spatio-temporal filter was learned to map the multichannel EEG to 

components capturing the neural activity most consistently shared across the group. We retained 

the first six GCCA components in all analyses. 

ISC was computed separately for each time window. For a given subject, that subject’s GCCA 

components were correlated with the corresponding components from every other participant 

(29 subject pairs in total). Correlations were computed component-wise, and the six component-

wise correlations were summed to obtain the ISC score for that subject in that window. Higher ISC 

values indicate stronger alignment of a participant’s neural response with the group. 

2.4.3. Alpha power 

The EEG data were pre-processed using a high-pass filtering step. Specifically, a first-order IIR 

(infinite impulse response) high-pass filter with a cutoff frequency of 0.01 Hz was applied to 

remove very low-frequency components, including baseline drift and other slow fluctuations. The 

filtered signal was then downsampled to 128 Hz using MATLAB (version 9.11 – 2021b) with the 

built-in resample function, which incorporates appropriate anti-aliasing filters. 

To quantify alpha power, the MATLAB (version 9.11 – 2021b) bandpower function was used to 

compute the spectral power in the 8–12 Hz range (alpha band) for each of the 64 EEG channels. 

This analysis was performed using 30-second windows, resulting in 64 alpha power values per 

window. These values were then averaged to obtain a single global alpha power measure for each 

30-second window. 

2.4.4. Statistical Analysis of Behavioural and EEG Data 

The behavioural data and the EEG data were further analysed using JASP (Version 0.19.0) and 

rmcorr-shiny (Bakdash & Marusich, 2017; Marusich & Bakdash, 2021). To analyse the effect of our 

manipulations on self-reported attention, performance test scores, NET, brain-to-brain synchrony 

and alpha power, we used (generalised) linear mixed-effects models, given that our data was 

nested within participants. A generalised mixed-effects model analysis were employed for the 

performance test scores, given that the responses were either correct (1) or incorrect (0). For all 

other measures, a linear mixed-effects model was used. We examined whether the accuracy on 
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the performance test, the self-reported attention, NET, brain-to-brain synchrony and alpha power 

differed between the conditions. For NET we did this analysis when these were measured during 

the manipulation windows and when these were measured over an entire block.  

Furthermore, we aimed to investigate the association between the behavioural measures and the 

EEG measures of external on-topic attention. On the one hand, we looked at the correlation 

between the self-reported attention scores and the corresponding NET across the entire block 

combined per condition. Specifically, this means that for every participant we had an average self-

reported attention score and NET measured over an entire block for every condition. On the other 

hand, we looked at the correlation between the performance test scores and the corresponding 

NET measured during the manipulation window for every condition. Again, we had for each 

participant a percentage correct answers linked with NET from the respective manipulation 

window. Therefore we calculated a repeated measures correlation, which is a technique to 

calculate the intra-individual association between two paired measures while accounting for the 

non-independence of the data (Bakdash & Marusich, 2017). The analyses were conducted using 

rmcorr-shiny (Bakdash & Marusich, 2017; Marusich & Bakdash, 2021) . An alpha level of .05 (two-

tailed) was used to determine statistical significance in all analyses, and multiple comparisons 

were corrected using the Holm method.  
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3. Results 

3.1. Behavioural results  

The data for the self-reported attention, separated by condition, are shown in Figure 3a. A linear 

mixed-effects model revealed a significant effect of manipulation on the self-reported attention 

scores [F(3,177) = 51.90, p < .001]. Further Holm-corrected contrast analyses revealed significant 

differences between all conditions, except between baseline and enhancing. These findings 

indicated that both the distractors and the alternative tasks in the disengagement condition 

resulted in lower self-reported external on-topic attention, but participants did not report higher 

external on-topic attention in the enhancing condition (Table 1).  

Similar results were observed for the performance test scores (Figure 3b). A generalised linear 

mixed-effects model confirmed a significant effect of manipulation on performance [χ²(3) = 

262.32, p < .001]. Contrast analyses revealed significant differences between all manipulations 

in the expected direction after Holm correction (Table 1). Distraction and attentional 

disengagement lowered the performance, while enhancing improved it. Although participants did 

not report higher external on-topic attention under the enhancing condition, these results suggest 

that they did remember more from these periods.  

Table 1 

Contrast analyses for behavioural measures 

  Estimate SE z pholm 

Self-reported attention scores 
Baseline Enhancing 0.13 0.19 0.69 .491 
 Distracting 1.21 0.23 5.23 < .001*** 
 Disengagement 2.06 0.19 10.94 < .001*** 
Enhancing Distracting 1.08 0.23 4.67 < .001*** 
 Disengagement 1.93 0.19 10.25 < .001*** 
Distracting Disengagement 0.86 0.23 3.70 < .001*** 

Performance test 
Baseline Enhancing -0.09 0.04 -2.26 .024* 
 Distracting 0.26 0.04 6.46 < .001*** 
 Disengagement 0.55 0.03 17.43 < .001*** 
Enhancing Distracting 0.35 0.05 7.54 < .001*** 
 Disengagement 0.64 0.04 16.69 < .001*** 
Distracting Disengagement 0.29 0.04 7.24 < .001*** 

*p < .05. **p < .01. ***p < .001. 
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Figure 3 

Behavioural and EEG measures for each condition 

a 

 

b 

 

c 

 

d 

 

e 

 

f 

 

The left panel above (3a) shows the self-reported attention scores; the right panel above (3b) 
shows the proportion correct answers on the performance test; the left panel in the middle (3c) 
shows NET during the manipulation windows; the right panel in the middle (3d) shows NET for 
an entire block for each condition, with block 4 as baseline, blocks 2 and 6 as the enhancing 
condition, blocks 3 and 7 as the disengagement condition and block 5 as the distracting 
condition; the left panel below (3e) shows brain-to-brain synchrony during the manipulation 
window and the right panel below (3f) shows alpha power during the manipulation window. 
Each dot in these plots represents the mean per condition of a single participant. The gray lines 
indicate whether the difference between the conditions was significant (*p<.05. **p<.01. 
***p<.001.). 
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3.2. NET 

Figure 3c shows NET during the manipulation windows, separated by condition. A linear mixed-

effects model revealed a significant effect of manipulation on NET [F(3,267) = 39.29, p < .001]. The 

results of the contrast analyses using the Holm correction are presented in Table 2. NET was 

significantly lower in the disengagement condition compared to all other conditions and in the 

distracting condition compared to the enhancing condition. No significant differences were found 

between baseline and either enhancing or distracting.  

Next, we examined NET measured over an entire block (Figure 3d), which consisted of a mix of 

data where attention was manipulated and data where no manipulation occurred. A linear mixed-

effect model analysis again found a significant effect of manipulation on NET [F(3,147) = 18.16, p 

< .001]. The Holm-adjusted contrasts (Table 2) revealed that only the disengagement condition 

had significantly lower NET compared to all other conditions.  

Table 2 

Contrast analyses for NET  

  Estimate SE z pholm 

Manipulation windows 
Baseline Enhancing -0.01 0.01 -0.51 .611 
 Distracting 0.02 0.01 1.98 .095 
 Disengagement 0.07 0.01 6.75 <.001*** 
Enhancing Distracting 0.03 0.01 3.52 .001** 
 Disengagement 0.08 0.01 10.27 <.001*** 
Distracting Disengagement 0.05 0.01 6.74 <.001*** 

Entire block 
Baseline Enhancing -6,72x10-5 0.01 -0.01 .991 
 Distracting 0.01 0.01 1.62 .211 
 Disengagement 0.03 0.01 5.49 <.001*** 
Enhancing Distracting 0.01 0.01 1.88 .180 
 Disengagement 0.03 0.01 6.74 <.001*** 
Distracting Disengagement 0.02 0.01 3.62 .001** 

*p < .05. **p < .01. ***p < .001. 

3.3. Associations between behavioural measures and NET  

We further examined the association between the behavioural data and NET via a repeated 

measures correlation analysis. The findings reveal a moderate repeated measure correlation 

between NET measured over an entire block and self-reported attention scores (rrm = .41; p < .001; 

Figure 4a). This means that an increase in NET, which reflects higher external on-topic auditory 

attention, is associated with higher self-reported attention. A strong correlation was observed 

between NET measured exactly during the manipulation window and performance on the 

corresponding items (rrm = .69; p < .001; Figure 4b).  
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Figure 4 

Correlations between behavioural data and EEG data 

a b

 
The left panel (4a) illustrates the correlations between self-reported attention and NET 
measured over an entire block. The right panel (4b) illustrates the correlation between the 
performance test accuracy and NET during the manipulation windows. The different colours 
represent individual participants, with each participant having four dots that indicate their 
average scores for each condition. The slope of the lines reflects the overall correlation 
between the behavioural an the EEG data. 

 

3.4. Brain-to-brain synchrony  

Brain-to-brain synchrony (Figure 3e) during the manipulation window differed significantly across 

conditions [F(3,267) = 129.41, p < .001]. A contrast analysis indicated that brain-to-brain 

synchrony was only significantly lower in the disengagement condition compared to the other 

conditions after Holm correction, whereas baseline, enhancing and distracting conditions 

showed very similar synchrony levels (Table 3).  

3.5. Alpha power  

Similarly, alpha power (Figure 3f) during the manipulation window was significantly different 

across conditions [F(3,267) = 19.25, p < .001]. Contrast analyses using Holm correction revealed 

that alpha power was significantly higher in baseline compared to the other conditions. Alpha 

power was lower in the disengagement condition, as compared to the enhancing and distraction 

conditions, while the latter two did not differ (Table 3).  
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Table 3 

Contrast analyses for brain-to-brain synchrony and alpha power 

  Estimate SE z pholm 

Brain-to-brain synchrony 
Baseline Enhancing -0.00 0.01 -0.38 1.00 
 Distracting 0.01 0.01 0.55 1.00 
 Disengagement 0.11 0.01 11.82 <.001*** 
Enhancing Distracting 0.01 0.01 1.32 .564 
 Disengagement 0.11 0.01 17.26 <.001*** 
Distracting Disengagement 0.11 0.01 15.94 <.001*** 

Alpa power 
Baseline Enhancing 2.13 0.77 2.76 .018* 
 Distracting 2.02 0.77 2.61 .018* 
 Disengagement 5.06 0.77 6.51 <.001*** 
Enhancing Distracting - 0.11 0.55 - 0.20 .842 
 Disengagement 2.90 0.55 5.30 <.001*** 
Distracting Disengagement 3.01 0.55 5.50 <.001*** 

*p < .05. **p < .01. ***p < .001. 

  



22 
 

4. Discussion 

This study examined the potential of neural envelope tracking (NET) as an indicator of external on-

topic auditory attention during learning. NET reflects the strength of the relation between the EEG-

based reconstructed speech stimulus (envelope) and the actual speech stimulus (envelope) 

(Biesmans et al., 2017; Roebben et al., 2024; Vanthornhout et al., 2019). To examine its validity, 

we introduced attention manipulations (distractors and enhancers) during a lecture. The findings 

indicated that NET measured during the manipulation window differentiated between most 

experimental conditions, with the exception that baseline did not differ from enhancing or 

distracting. To further validate NET, we included a performance test, as an indirect measure of 

attention, and a self-reported attention questionnaire. Both methods effectively distinguished 

between nearly all conditions, thereby confirming that our manipulations effectively modulated 

the participants’ external on-topic attention. Performance and self-reported attention were lower 

in the distracting and disengagement condition compared to baseline. The enhancing condition 

led to improved performance, but did not result in higher self-reported attention. This discrepancy 

may stem from the fact that self-reported attention scores reflected attention during an entire 

block, including only a small part of enhanced attention, whereas performance test scores were 

based on information from the manipulation windows. NET measured during the manipulation 

window strongly correlated with performance, while NET measured over an entire block 

demonstrated a weaker yet still statistically significant association with self-reported attention. 

These findings suggest that NET is sensitive to fluctuations in external on-topic auditory attention 

during learning.  

A consistent trend that emerged is that NET measured during the manipulation window was lower 

during the disengagement condition compared to all other conditions. This suggests that NET 

decreases during moments where the attention shifts to something else than the lecture. A 

similar effect was observed by Roebben et al. (2024) and Vanthornhout et al. (2019), who 

investigated NET using children’s stories by including alternative tasks into their paradigms and 

also observed reduced NET in these attentional disengagement conditions. Our findings extend 

these findings by applying it in an educational context using longer stimuli, highlighting its 

potential as an indicator for external on-topic auditory attention to an educational stimulus.  

For the distracting condition, in which participants were distracted by background noise or a silent 

video, there was only a significant difference with the enhancing condition when NET was 

measured during the manipulation window. No significant difference was observed between 

baseline and the distracting condition. However, because NET was slightly higher in the 

enhancing condition and slightly lower in the distracting condition compared to baseline when 
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measured during the manipulation window, the difference between enhancing and distracting 

was significant. This finding aligns with the observations reported by Levy, Korisky, et al. (2025), 

who examined the impact of background noise on attention decoding and similarly found slightly, 

but not significantly, reduced NET in the noise conditions. While in the study by Levy, Shadi, et al. 

(2025) NET was significantly lower in the intermittent noise and quiet condition compared to the 

continuous noise condition. Taken together, background noise does not uniformly lower NET, 

while one study reported increased NET under continuous noise (Levy, Shadi, et al., 2025), our 

data and another study (Levy, Korisky, et al., 2025) showed small, non-significant reductions, 

underscoring the need to determine how noise type and contextual factors modulate this effect. 

In the enhancing condition NET did not increase enough to be significantly different from baseline. 

To the best of our knowledge, no previous studies have examined the effect of attention 

enhancement on NET. This underscores the necessity for future studies to investigate the effect 

of attention enhancement on NET.  

Besides NET measured during the manipulation window, we also measured NET over an entire 

block, to facilitate a fairer comparison with the self-reported attention, which required 

participants to rate their attention over the same period. This measure included both manipulated 

and non-manipulated data, likely diluting the effects, as no differences were observed between 

baseline, enhancing and distracting conditions. Averaging NET across an entire block reduced its 

precision, although it is one of the key strengths of EEG to track cognitive processes during 

learning rather than retrospectively. However, this step was important to link NET with the self-

reported attention. Future studies should use NET for continuous monitoring of attention during 

learning, which will be more sensitive to changes in external on-topic auditory attention, similarly 

as our NET measured during the manipulation window.  

To compare NET with more traditional neural markers of attention during learning, we examined 

both brain-to-brain synchrony and alpha power. However, neither measure reliably indicated 

when participants were attentive to the teacher. The key difference between brain-to-brain 

synchrony and NET was that the latter did not reflect reduced attention during distraction, unlike 

NET and behavioural data. This likely occurred because distractions still produced a shared 

experience: participants were exposed to the same distracting stimuli at the same time, 

maintaining synchrony. In contrast, during the disengagement condition, synchrony decreased 

even though participants performed the same alternative task. Individual differences in reading 

and calculation speed likely reduced the shared experience, explaining this drop in synchrony. 

Furthermore, using brain-to-brain synchrony has an additional drawback that it can only be 

measured if EEG recordings of multiple students listening to the same lecturer are available. The 
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main difference between alpha power and NET appeared in the attentional disengagement 

condition, where alpha power was lowest, suggesting the highest attention, while both NET and 

behavioural measures indicated low attention for this condition. This discrepancy is not 

unexpected, as participants were not inattentive per se, but were engaged in the alternative task 

rather than the lecture. Thus, both brain-to-brain synchrony and alpha power effectively capture 

overall attentional engagement but cannot distinguish whether attention is directed toward the 

lecture or somewhere else. Consequently, these measures may indicate heightened attention 

even when attention is not focused on the intended learning material.  

This distinction explains why other studies successfully used both brain-to-brain synchrony and 

alpha power to measure classroom attention (Bevilacqua et al., 2019; Cohen et al., 2018; 

Davidesco et al., 2023; Dikker et al. 2017; Dikker et al., 2020; Grammer et al., 2021). Those studies 

examined attention across different teaching styles, time of the day, or testing effects, assuming 

students remained focused on the educational content in all conditions. In contrast, this study 

explicitly manipulated external on-topic attention using distractors and alternative tasks.  

Overall, the results from both more traditional measures, brain-to-brain synchrony and alpha 

power, highlight the importance of taking the stimulus into account as NET does, rather than 

simply measuring overall attentional engagement. Results from brain-to-brain synchrony and 

alpha power were difficult to reconcile with behavioural data, as both indicated higher attention 

in conditions designed to reduce it (distracting condition for brain-to-brain synchrony and 

disengagement condition for alpha power). In contrast, NET aligned more closely with the 

behavioural measures while providing objective and continuous insight into external on-topic 

attention that behavioural measures alone cannot capture, suggesting that NET may serve as a 

potential marker of external on-topic attention in individual learners.  

4.1. Limitations and future directions 

While the present study provides valuable insights into NET as potential indicator of external on-

topic auditory attention for an educational stimulus, several limitations should be considered 

when interpreting the findings. First, to compare NET with more traditional measures of attention 

during learning, we included brain-to-brain synchrony and alpha power. Calculating brain-to-

brain synchrony required all participants to complete the exact same experiment, which 

prevented counterbalancing conditions across participants. As a result, we could not fully control 

for order effects such as fatigue. Future studies should counterbalance conditions to ensure that 

observed differences in NET can be more confidently attributed to the experimental 

manipulations.  
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Second, although we made the lecture as educationally realistic as possible by using real lecture 

content, participants were seated alone in the lab, which differs from a real classroom setting. 

We also used a 64-electrode EEG system with wet electrodes, which is impractical to use in real 

classroom settings or to simultaneously collect EEG data in multiple participants. Future 

research should therefore consider the use of user-friendly mobile EEG devices. However, these 

systems typically have a lower number of electrodes, and tend to be more sensitive to various 

artifacts, leading to increased data loss, making further improvements necessary for broader 

implementation in educational research (Janssen et al., 2021). Despite these challenges, mobile-

EEG systems would allow to use NET in a real classroom environment, with all its inherent 

features, such as classmates, a familiar teacher, and more real-world distractions. This is 

important because previous studies that used brain-to-brain synchrony to measure attention 

have shown that this measure is influenced by factors such as social closeness between 

classmates (Dikker et al., 2020) and between students and teachers (Bevilacqua et al., 2019), but 

it remains unclear whether such factors also impact NET and this represents an avenue for future 

study.  

Third, the baseline condition was defined as a condition without experimental manipulation of 

external on-topic attention. Nevertheless, naturally occurring attentional fluctuations are 

unavoidable, due to factors such as mind-wandering, fatigue and environmental distractions. 

Treating baseline as a stable reference in comparison with other conditions may bias observed 

differences, making them appear larger or smaller than they truly are. Future research should 

therefore aim to construct a more reliable baseline reference condition by excluding periods 

associated with attentional lapses using more fine-grained methods such as a self-caught 

method with clickers (Bunce et al. 2010; Hlas et al., 2009). 

Lastly, training the decoder required a large amount of baseline data. This necessitated extended 

baseline recordings, increasing participant demands and limiting the feasibility of 

implementation in real classroom environments. Consequently, the overall experiment duration 

was longer, but nearly half of the EEG data was used for training of the decoder, reducing the data 

available for analysis. Future research should aim to reduce the amount of training data required, 

for example, by starting from universal decoders and applying unsupervised (time-adaptive) 

training to gradually finetune them towards a personalised decoder (Geirnaert et al., 2022; Heintz 

et al., 2025). This would decrease, or even remove, the need to explicitly define and collect 

baseline data for training the decoder and potentially enable real-time feedback on students’ 

external on-topic attention in the future. 
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4.2. Conclusion 

The current study offers preliminary evidence that neural envelop tracking may serve as a 

potential indicator of external on-topic auditory attention to an educational stimulus. By 

incorporating the instructor’s voice into the calculation of the attention measure, neural envelope 

tracking could provide a more accurate indicator of external on-topic attention to the teacher 

compared to more general indicators of attention, such as brain-to-brain synchrony and alpha 

power. Future research should optimise this technique by focusing on more user-friendly EEG 

devices, such as mobile EEG, the use of un-supervised and/or time-adaptive decoders, and by 

studying its applications in more diverse populations and educational settings. This will allow us 

to explore the potential of NET into real-world educational studies.  
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