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Abstract. We adapted an application called Non-Intrusive Classroom Attention
Tracking System (NiCATS) that quantifies and generates statistical data based on
a student’s attention level while performing various tasks like coding, browsing
through websites, or reading lecture notes on computers. This research is focused
on understanding how student attentiveness can be measured using eye-tracking
(e.g. gaze points) and Electroencephalogram (EEG) signals data. By leveraging
the existing NiCATS with new integration of BCI devices we explore the possi-
bilities of identifying correlations of EEG signals with students’ attention during
classroom. Two Eye metrics (number of saccades and total fixations) have slight
positive correlation with all the EEG bands (theta, alpha, etc.) except the delta
band. The result of this analysis is an additional step toward providing instructors
feedback on the effectiveness of instructional design as measured by attentiveness
of students in their classroom.
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1 Introduction

Instructors need tools that facilitate effective instruction of students, especially those
with learning disabilities. Technology enabled tools that provide feedback on attention
and focus can provide valuable insights and greater understanding of what pedagogical
approaches are best for students [2, 3]. Physiological measurement systems, such as
Brain Computer Interface (BCI), are ideal for detecting and analyzing cognitive states
while physical measurements, such as eye tracking and gaze are ideal for detecting and
analyzing affective states.

Attention, the first step in the learning process, is the behavioral and cognitive pro-
cedure of selectively concentrating on a particular piece of information while ignoring
other perceivable factors [4]. When used in conjunction with eye-tracking, BCIs may
provide insights into students’ attention. A non-invasive BCI is a direct communication
pathway (through an external skin sensor) between the brain and a computer device.
The NeuroSky BCI device records EEG power spectrums (e.g., alpha, beta, gamma) and
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special algorithms interpret these spectrums. Non-Intrusive Classroom Attention Track-
ing System (NiCATS) aims to provide instructors with real-time feedback on student
attentiveness [1]. NiCATS collects webcam images, eye gaze points, eye movements,
and screenshots for quantifying student attentiveness. We merged the EEG signals data
with the NiCATS pipeline and explored the possibilities of quantifying the eye tracking
data and EEG signals which will eventually result in identifying relationships between
EEG signals and attentiveness. This research explores the correlation between Eye Met-
rics (Table 1) determined from the Eye Gaze data and the EEG signals (ThinkGear SDK
interpretation of ESense, EEGBand) generated by the Neurosky MindSet device.

Eye tracking solutions can be used in a myriad of areas, e.g., scientific research,
marketing, research on human performance [5]. Researchers have used eye trackers to
predict attentiveness and its applicability to cognitive properties quantification. Auto-
matically determining a student’s attentiveness using machine learning and computer
vision is a growing area of research [2]. The Eye metrics (fixations, saccades, etc.) are
potentially valuable source of information regarding attention quantification.

The paperwill explore different aspects of students’ attentiveness and comprehension
(e.g. facial images, eye movements, EEG signals) to understand how these inputs can be
aggregated to train a machine learning model (inbuilt in NiCATS) for predicting student
attentiveness patterns. The paper presents a new system for attention quantification
based on the NiCATS and the BCI integration. This work may set a base for quantifying
attention using Eye Tracking and EEG signals.

2 Literature Review

Automated eye-tracking is a well-known method used in human computer interaction to
evaluate various user interfaces. Furthermore, Preeti N. et al. suggest that eye trackers
with self-reporting functionswere employed to predict attentiveness during class lectures
[6]. They have trained multiple machine learning models to be able to predict attention
levels. Veliyath et al. concluded that gaze data can work with other features to achieve
a higher level of accuracy [7]. They used data collected from self-reporting and a Tobii
Eye Tracker 4c as a non-intrusive means to predict student attention over the duration of
a class. The researchers used monitor mounted eye trackers in a computer lab and had
students periodically make note of how engaging the lecture was on a Likert Scale from
1 (not engaging) to 10 (very engaging). Using this data, they trained multiple machine
learning models to be able to predict attention (peak accuracy of 77%).

Saccadic eye movements are important, and they may provide useful insights into
student attentiveness [8]. Researchers have used full-body motion sensors to detect
attentiveness. Zaletelj et al. [9] used a Kinect One sensor to build a feature set char-
acterizing facial and body properties of students to train machine learning models for
predicting attentiveness. They concluded that there is a possibility for using full-body
motion sensors for affordable tracking of attention,whichwould be helpful for evaluating
lectures.
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Methods to quantify attentiveness have been explored using wearable systems and
sensors by tracking hand motions and heart activity. By leveraging hand motion and
heart activity captured with smart watches, Zhu et al. concluded that using wrist-worn
smartwatches provides excellent accuracy in attention quantification and that leveraging
other physiological sensors could potentially improve the accuracy [10].

Researchers have explored features like facial image and facial emotions for pre-
dicting attentiveness.Tabassum et al. proposed a methodology for predicting student
attentiveness by using these two features [2]. In order to quantify the attentiveness of
a student and to find the relationship between attentiveness and emotions, they have
used computer vision, machine learning, and cloud-based facial emotion recognition
(Amazon Recognition). Their CNN model classifies between attentive and inattentive
students in classroom environments (accuracy of 93%) and found correlations between
the emotional states of the students and their attentiveness level.

For quantifying attention using the Eye tracking and EEG data, NiCATS plays an
important role during data collection for eye tracking and facial images. Sanders et al.
discussed the data collection and processing pipelines for NiCATS (version 2.0) and
analyzed the individual components that all contribute to producing a final, accurate,
attentiveness value that is used to provide real-time feedback to professors [1]. Martin
E. and Nikolaos P. [11] proposed a system that utilizes eye-tracking to detect driver
fatigue. By mounting a small camera inside the car, we can monitor the face of the driver
and look for eye-movements which indicate that the driver is no longer in condition to
drive. In such a case, a warning signal is issued.

Researchers presented an approach for building a classification system for detecting
single and double blinking of eyes in EEG signal which could be implemented in the
field of home automation [12]. Classification was performed by implementing algo-
rithms which are Random Forest, K- Nearest Neighbor and Support Vector Machine. A
maximum accuracy of 92.59% is obtained using the Random Forest classifier.

BraidenB. suggests that recent research efforts have shown that BCI and eye-tracking
has great potential as amedical instrument, and are used in the assessment ofmood, atten-
tion, perception and learning disorders, the detection of Alzheimer’s, autism, depression,
schizophrenia, dyslexia, and anorexia. These applications have been demonstrated by
expert researchers in each field using accurate, but expensive eye tracking devices [13].
The data generated from eye-trackers can also be fused with BCI. Non-invasive BCIs
are often directed at assisting, augmenting, or repairing human cognitive or sensory
motor functions [14]. A high amount of stress is experienced by people of all ages
nowadays and it affects their physical and mental health adversely [6]. Traditionally,
the Perceived Stress Score (PSS-14) questionnaire is used to calculate the stress score.
EEG devices with multiple sensors are used to develop algorithms for evaluation of
psychological stress [6]. These sensors will detect the stress levels by recording EEGs
while performing various activities.

Apart from healthcare and physical purposes, The BCIs can also be used to enable
the user to employ their emotions to communicate or interact with computer-based
applications which increases the spectrum of interaction. While BCI devices represent
a challenge in gaming motion control, they have been successfully applied in music
production and composition [15].
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3 BCI Integration for Attention Quantification

We propose a system for real-time student attention quantification using monitor-
mounted webcams, eye trackers and non-invasive BCIs by expanding on the NiCATS [1]
system. The collected EEG dataset is explored along with the existing webcam and eye
tracking data to improve the accuracy of quantification as well as to discover new data
correlations. The proposed system may be useful to improve the learning environment
and for early detection of attention deficit hyperactivity disorder (ADHD) [16].

The main objective is to incorporate the BCI biosensors with the existing NiCATS
system. The NeuroSky was employed for its non-invasiveness and accuracy [17]. Two
types of Neurosky headsets were employed for this research (illustrated in Fig. 1). The
“Mindset” (middle) is a complete headset with speakers and microphone transmitting
data on bluetooth while the “Mindwave” (left) transmits data using radio frequency.
Both headsets use the same ThinkGear Communications Driver (TGCD) library from
the Neurosky’s Development Tools [18].

Fig. 1. System components: NeuroSky Mindwave, MindSet and Tobii Eye Tracker 4c

3.1 Integration of the BCI with the NiCATS System

NiCATS is measures (the subjectively defined, but consistently applied definition of)
attentiveness based on the facial expressions (captured via webcams), eye gaze (using
information gathered from the eye trackers mounted on the monitor) and the regions of
common interest (from the screen capture).

The software components consist of the NiCATS student client C + + program,
NodeJS Express web server, and a Postgresql database. A client component records the
BCI’s EEG data using the ThinkGear Socket API. ThinkGear is a single dry sensor
technology that allows the measurement, amplification, and filtering of the EEG signals
generated by the user’s brain. Combined with the NeuroSky’s proprietary eSense™
algorithms, it allows us to quantify the intensity of various EEG signal components. The
software we developed is aggregating data from the students’ facial images, eye data,
screen captures, and EEG data collected during a classroom lecture.
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3.2 Data Components and Measures

There are several components and steps as follows:

Setting up the Student Computer: Awebcam and a Tobii Eye Tracker is connected to
each computer system as illustrated in Fig. 1. The Tobii Eye Trackers are calibrated, and
the client software is deployed. Each student wears a single-channel wireless MindSet
BCI device. The ThinkGear software is sending data on the COM port while the BCI
EEG client is fetching streaming data from the device.

Data Collection: NiCATS collects webcam images, gaze points of their eye move-
ments, and screenshots. At the start of each session, the student computer begins sending
the following data to the server:

• Image Data: The webcam captures the subjects’ image every 5 s and its surrounding
as they view information on the screen.

• Eye Data: The continuous gaze points grouped into blocks ranging from 0.5–15 s
depending on user input (when a student clicks the mouse or types a key in the
keyboard, the data on the screen will change, so data is grouped accordingly).

• Screen Capture: A screengrab of the entire screen every time the grouped gaze points
are sent (0.5–15 s), hence the gaze points correspond to locations on the screengrab.

• EEGSignals: TheNeuroSkyMindSet recordsEEGpower spectrums (alpha, beta, etc.)
and interprets these spectrums with defined unit [19]. It also measures and outputs
NeuroSky eSense meters (attention and meditation) as well as eye blinks. The system
collects 18 data points in a 15 s timeframe.

Pre-processing: The pre-processing step consists of taking the face images, screen-
shots, and eye gaze points from the client application. During this data collection pro-
cess, the server-side application crops face images and stores the initial attentiveness
scores in the database. After processing, the system stores the list of constructed eye
metrics (as illustrated in Table 1), the cropped face images, and the initial attentiveness
scores back in the database. The system also stores ThinkGear SDK interpretation of
EEG Signals data as illustrated in Table 2. Using the eye gaze data, we construct the
eye metrics (as illustrated in Table 1), which are used for correlation analysis with EEG
signals data.
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Table 1. Overview of the eye tracking data points extracted from NiCATS

Eye Metrics Explanation/Calculation Method

Eye gaze data The immediate direction of a person’s eyes translated to (x,
y) coordinates when looking at a computer monitor. The
eye gaze points x-coordinate, y-coordinate, and timestamp

Fixations The stabilization of the eye on a part of a stimulus for a
period (200–300 ms)

Saccades The quick and continuous eye movement between fixations
(~50 ms)

Number of fixations Total number of fixations (summed up over the entire
recording session)

Average fixation duration (in ms) Total fixation duration divided by the total number of
fixations

Number of saccades Total number of saccades (summed up over the entire
recording session)

Average saccade duration (in ms) All saccade durations are summed up and divided by the
number of saccades

Average saccade velocity The sum of all saccade velocities divided by the total
number of saccades

Table 2. EEG signals interpretation using the ThinkGear serial stream SDK

EEG Thinkgear Data Values Explanation/Range

eSense™ Meters Attention eSense eSense Attention meter of the user
indicates the intensity of a user’s
level of mental “focus” or
“attention”. Its value ranges from 0
to 100

Meditation eSense eSense Meditation meter of the
user indicates the level of a user’s
mental “calmness” or “relaxation”.
Its value ranges from 0 to 100

EEG Power Band
(Output streamed as
ASIC_EEG_POWER_INT value
which is an indication of the relative
amplitudes of the individual EEG
bands. This power spectrum band is
reported in units such as
Volts-squared per Hz (V^2/Hz) [17])

Delta 0.5–2.75 Hz

Theta 3.5–6.75 Hz

Low-Alpha 7.5–9.25 Hz

High-Alpha 10–11.75 Hz

Low-Beta 13–16.75 Hz

High-Beta 18–29.75 Hz

Low-Gamma 31–39.75 Hz

Mid-Gamma 41–49.75 Hz

Eye Blink strength Its value ranges from 0 to 100
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Figure 2 illustrates a high-level diagram of the NiCATS system integration with BCI
in terms of data collection, pre-processing, and data analysis.

Fig. 2. High-level design of the NiCATS integration with BCI system

4 Experimental Setup

The experimental setup consists of the following steps:
Step 1:We installed theNiCATS client software andTobii eye tracking software. The

Tobii eye tracking software was calibrated to the individual for accuracy. The ThinkGear
software was installed, and the participant used the MindSet headset (connected to the
computer via Bluetooth).

Step 2: The participant receives four Java source code samples that contain various
hidden errors. The code samples are displayed at the same time as full screen images such
that the extracted eye data patterns could be compared among participants. Each code
sample included multiple errors (from three, up to seven errors). The errors consisted
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of either syntax or logic errors. Each error was representative of common errors the
participants would encounter in their courses. Figure 3 illustrates an example of Java
code with errors.

Step 3: The NiCATS client software collected user face images, eye gaze points,
and screenshots. The BCI client collected EEG power spectrums, attention, meditation
and eye blinks. All data is stored in the database.

Step 4: The participant was instructed to close the NiCATS programs at the
conclusion of their test.

Fig. 3. Java code sample with errors

5 Data Analysis and Results Interpretation

The experimental results are organized around how the data being processed and
analyzed for quantifying using a combination of eye-tracking and EEG data.

5.1 Preliminary Data Processing

During the analysis process we aggregated every streamed EEG Data (EEGD) within
every Eye Tracking Data (ETD)We compute the eyemetrics from the raw gaze data with
the help of the I-DT algorithm [20] and take the average of each attribute of EEG Data
within each ETD data collection. Basic operations like outlier detection and removal are
done before the correlation analysis. The data workflow is illustrated in Fig. 4.
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Fig. 4. Workflow for correlation analysis

5.2 Eye Tracking Data and EEG Data Correlation Factors

We can visualize the relation between ETD and EEGD using the correlation Heatmap as
illustrated in Fig. 5. The values for the correlation coefficient range from!1.0 to 1.0. A
“!1” correlation factor implies a negative correlation, while a “ +1” correlation factor
signifies a strong correlation. Obviously, a correlation factor that is close to 0 indicates
no correlation.

As illustrated in Fig. 5, the total Fixations and Number of Saccades have slight
positive correlation with the EEG Band data apart from the Delta frequency band.

The data plotting of selected eyemetrics (Total Fixations&Number of Saccades) and
the EEG spectrum bands apart from Delta is illustrated in Fig. 6. The X-axis represents
the data points of the experiment, and Y-axis indicates the calculated values of the
individual metrics. For representation purpose and visualizing the change in the plotted
chart, total fixations and the number of saccades are scaled with a factor of 104 in the
chart.

5.3 Discussion

Our experiment and analysis procedures will work as a foundation for future research
combining NiCATS and EEG signals. This research identifies which entities are impor-
tant for further analysis. We have used images of code example with errors as a mea-
surement entity for student’s attention quantification, but if the students do not put focus
on the monitor, it becomes hard to predict if the EEG signals are valid for our analysis
or not.
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Fig. 5. Eye metrics & EEG signal data correlation heatmap
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Fig. 6. Chart representation of the selected eye metrics (total fixations & number of saccades,
both scaled) and the EEG spectrum bands apart from delta
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6 Conclusion

We proposed a hardware-software system for attention quantification. User’s eye gaze
data and EEG data are collected, processed, and analyzed. Preliminary experiments
prove that there is a strong correlation between Eye metrics (Total Fixations & Number
of Saccades) and the EEG spectrum bands (Theta, Low-Beta, High-Beta, Low-Alpha,
Low-Gamma, High-Alpha, and High-Gamma). The setup can be replicated to create a
data pool for every distinct classroom. An overall attention pattern could be generated
for the class. Future research of the proposed system will expand towards quantifying
the emotional activity of the user to help the user improve its learning.

Motivated by the strong results, we plan to replicate this work for a larger student
population that can, in turn, be used to train a machine learning model. Apart from being
a component of NiCATS for determining student’s attentiveness, eye tracking and EEG
Signals can be used for other purposes like:

1. Monitoring Health statistics for medical purposes to record stress level.
2. Improving the effectiveness of ADHD interventions, especially game-based inter-

ventions with gaze data.
3. Help a disabled person to make motor movements by interpreting the EEG signals.
4. Tracking driver’s eyes to prevent driver fatigue.
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