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Abstract: Physical and cognitive rehabilitation is deemed crucial to attenuate symptoms and to
improve the quality of life in people with neurodegenerative disorders, such as Parkinson’s Disease.
Among rehabilitation strategies, a novel and popular approach relies on exergaming: the patient
performs a motor or cognitive task within an interactive videogame in a virtual environment. These
strategies may widely benefit from being tailored to the patient’s needs and engagement patterns.
In this pilot study, we investigated the ability of a low-cost BCI based on single-channel EEG to
measure the user’s engagement during an exergame. As a first step, healthy subjects were recruited to
assess the system’s capability to distinguish between (1) rest and gaming conditions and (2) gaming at
different complexity levels, through Machine Learning supervised models. Both EEG and eye-blink
features were employed. The results indicate the ability of the exergame to stimulate engagement
and the capability of the supervised classification models to distinguish resting stage from game-play
(accuracy > 95%). Finally, different clusters of subject responses throughout the game were identified,
which could help define models of engagement trends. This result is a starting point in developing
an effectively subject-tailored exergaming system.

Keywords: rehabilitation; RGB-depth cameras; EEG; user engagement; BCI; exergames; Machine
Learning; telemedicine; single-channel EEG; low-cost BCI

1. Introduction

With the development of advanced wireless technology and in the wake of the COVID-
19 pandemic, telemedicine applications have rapidly grown by virtue of their versatility,
portability and accessibility. Indeed, telemedicine allows patients living in remote areas to
benefit from continuity of care, while significantly reducing healthcare costs, compared to
conventional inpatient and outpatient care [1].

This becomes significantly relevant in the context of neurodegenerative disorders, such
as Parkinson’s Disease (PD) and Alzheimer’s dementia, which are becoming a challenge
worldwide. Notably, PD features a prevalence of 1% in the population over 65 [2], expected
to rapidly increase as the global population ages [3]. This may become a critical issue, due
to the lack of a curative treatment and the complexity of the daily disease management. Pa-
tients, indeed, experience a series of motor alterations (e.g., bradykinesia, akinesia, muscle
stiffness, tremors, balance impairments) and cognitive decline (e.g., memory loss, reduced
communication skills, reduced planning and reasoning, mood swings) that worsen as the
disease progresses [4–6]. This translates into reduced independence and need for continu-
ous care and monitoring; hence, high costs for patients and national health systems [7,8],
and complexity in the implementation of continuous follow up strategies [9,10] arise.

As the pathophysiology of PD is still unclear, at present symptomatic treatment is
the only viable option to improve patient’s Quality of Life (QoL) [11,12]. Physical and
cognitive rehabilitation is often considered a crucial adjuvant to pharmacological therapy
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for the amelioration of symptoms [13–15]. According to some studies, they are also able
to slow down the disease progression [16,17]. Physical exercise can improve both motor
and non-motor symptoms [18–21] and may even reduce the risk of developing the disease
itself in healthy subjects [22,23]. The origin of this positive effect is largely investigated
through studies in animal models of PD, which suggest that exercise and learning induce
a dynamic interplay between degenerative and regenerative mechanisms [20]. Moreover,
increasing evidence suggests that physical exercise reduces chronic oxidative stress and
stimulates the synthesis of neurotransmitters and trophic factors [24].

Motor rehabilitation is usually carried out in the context of hospital or gym facilities,
under clinical and technical supervision. As an example, motor rehabilitation protocols
for PD can include stretching, muscle strengthening, balance and postural exercises, oc-
cupational therapy, cueing, treadmill training. Dance (e.g., tango), music-coordinated
training and martial arts have proven to be effective alternatives to traditional muscular
rehabilitation [25,26].

Cognitive rehabilitation is often coupled with motor rehabilitation to achieve better
results [27], since this latter may stimulate neuro-plasticity [28,29]. Cognitive training aims
at stimulating specific aspects of cognitive functioning (e.g., memory, complex reasoning)
through structured and guided tasks that can be carried out alone or in a group [30]. As
previously introduced, a general trend in the last years is the increasing use of technological
devices such as tablets, smartphones or computers [31]. This provides several benefits:
flexibility (i.e., the same task can be adapted to different applications and needs); high inter-
activity and more immersive tasks; deployment of the training also through telemedicine
and Internet-based solutions; automatic qualitative and quantitative feedback, available as
soon as the cognitive task is completed [32].

A similar approach is being sought also for physical rehabilitation, in the form of telere-
habilitation, through the employment of so-called Exergames or Serious Games. Exergames
are broadly investigated for motor-cognitive rehabilitation in healthcare [33,34], exploiting
new generation devices such as RGB-Depth cameras (e.g., Kinect) [35,36], balance boards
(e.g., WII balance board) [37], and virtual-reality headsets [38,39]. The users can control the
game through their own body and carry out goal-oriented tasks, which aim at stimulating
specific motor and cognitive skills.

Several systems have been proposed in the last years to combine exergames with
traditional rehabilitation protocols and remote assessment tools [35,40,41]. Preliminary
results suggest that this alternative form of training could produce a positive effect similar
to physical, in-person activity; however, the results are largely subjective and general trends
have not yet been identified in the population of patients affected by neurodegenerative
diseases [42,43]. Indeed, especially for these latter, rehabilitation protocols must be tailored
on the single specific subject to optimise the expected results [44]. Moreover, when carry-
ing out the tasks at home—often with little to none supervision—the patient should be
emotionally and mentally committed, or, more generally speaking, engaged.

Engagement is regarded as a facilitator to the fruitful adoption of telemedicine, as
it likely translates into continuity of use [45], hence improving the probability of success
of the rehabilitation protocol. Therefore, the development of next-generation exergames,
able to automatically tune themselves according to the level of engagement and/or mental
effort required to the subject, is crucial. For example, the complexity of the required task
could be reduced or increased depending on the subject’s conditions. To implement this
concept, it is necessary to gather information on the physical and mental state of the patient,
in a simple and unobtrusive, yet reliable way.

However, to date there is a lack of a stable and reliable framework to assess user
engagement based on physiological parameters, both in healthy and pathological subjects.
Given the complex clinical picture of neuro-affected subjects, preliminary explorations
should focus on the healthy population, with the final goal of developing a solid framework
before translating the obtained solution into the medical scenario. Furthermore, in view of
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integrating this framework in a telemedicine approach, low-cost, limited computational
burden and minimally-invasive-oriented solutions should be investigated.

Among the various bio-signals suitable for retrieving a metric of engagement, elec-
troencephalography (EEG) is considered one of the most significant. It reflects the electrical
activity of the brain and is commonly recorded through electrodes placed at the scalp. The
electrical waves are further divided into different rhythms (or bandwidths, detailed in
Section 2.7.1), each with its own clinical significance. EEG signals are commonly employed
in clinical practice to diagnose and monitor brain conditions (e.g., epileptic syndromes)
and widely explored in neuroscience to characterise the response to specific events or
triggers [46], as well as in Brain-Computer Interface (BCI) technology. In particular, this
latter exploits the different activation patterns of brain areas in order to steer devices or
collect the subjects’ response to specific stimuli.

Various EEG-based indices have been proposed in literature [47,48] to describe en-
gagement. They mainly rely on the power in the β- (13–30 Hz), α- and θ-ranges (8–13 Hz
and 4–8 Hz, respectively). The first is usually associated to visual attention and sustained
alertness [49], whereas α-waves are commonly related to relaxed states. As for θ-waves, var-
ious studies highlighted their role in cognitive processing, task execution and sensory-motor
coupling [50,51]. This consists in a task-specific motor output relying on the integration of
multi-source sensory information (notably, goal-oriented hand-movements such as grasp-
ing [52,53]). These task-related indices have been employed in adaptive frameworks in
order to monitor the participants’ attention levels [54] or their engagement during different
tasks, such as cognitive activities [55,56] or interaction with video-games [57].

In addition to EEG signals, eye-blinking is also considered a clear indicator of attention
and concentration [58–60]. Therefore, features related to eye blinking could be significant for
inferring the level of attention and engagement in subjects performing the exergaming task.

This method article describes a framework for computing the level of engagement
during an exergame, specifically designed to stimulate engagement with a combined
physical and cognitive task. The game exploits an Azure Kinect to track the movement
of the hand in front of the camera. A commercial EEG headset (Dreem Headband v2.0)
is used to evaluate the mental activity of the subject during an initial relaxation phase, to
obtain a baseline reference signal, and then during the exergame play. In addition, eye
blinks are identified by analysing the video recordings collected by the Azure Kinect, using
the Mediapipe open source library.

As a preliminary investigation of this method, before translating it to a clinical scenario,
data from 50 healthy volunteers were collected and analysed with the following goals: (i) to
compute a set of features from single-channel EEG and eye blinking data to characterize the
users’ engagement while playing the exergame; (ii) to automatically distinguish the relaxation
phase from the game play using shallow classification methods; (iii) to investigate the possibility
of finely distinguishing the specific levels of the game, as each of them was designed to elicit a
different level of engagement; (iv) to explore the subjects’ behaviours and identify trends in the
response to the exergame. This could allow to apply the investigated features for automatically
tuning the exergame according to the data models inferred from the collected signals.

The rest of the paper is organized as follows. Section 2 describes in detail the ob-
servational study designed for this work, including the information about the recruited
subjects, the exergame design process, the sensors employed, the data acquisition protocol,
and the methods applied to analyse the collected data. The achieved results are presented
and discussed in Sections 3 and 4 respectively. Finally, in Section 5 conclusions are drawn,
taking into account the limitations of the current study and the future research directions.

2. Materials and Methods

An observational study was specifically designed for the purpose of this study. The
experimental data included both surveys and physiological signals collected during a motor-
cognitive task. The involved subjects, the Data Acquisition Protocol (DAP), the experimental
data processing and the motor-cognitive task are detailed in the following subsections.
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2.1. Subjects

A private database (NeAdEx Dataset) was employed in this study. Data were collected
at our R&D Laboratory at the Polytechnic University of Turin (Turin, Italy). It included
50 healthy volunteers (37 males), aged 26 ± 4.5 years. All participants were recruited
through the University Study Portal. Table 1 reports the demographic data of the subjects.
Inclusion criteria required the ability of reading and/or understanding Italian at the A1
Common European Framework of Reference (CEFR). Exclusion criteria included narcolepsy,
insomnia, history or ongoing psychiatric conditions preventing the correct execution of the
test and a diagnosis of neurodegenerative disorders.

All procedures have been conducted in accordance with the Declaration of Helsinki,
supervised by a clinician, and approved by the Ethics Committee of the Hospital A.O.U.
Città della Salute e della Scienza di Torino (Approval No. 00384/2020). The participants
received detailed information on the study purpose and execution, as well as on the
employed instrumentation; informed consent for observational study was obtained.

Table 1. Involved subjects and related demographic information.

Age Sex Education Level

26 ± 4.5 years 37 males (74%)
13 females (26%)

Bachelor’s Degree: 13 (26%)
Master’s Degree: 34 (68%)
Ph.D.: 3 (6%)

2.2. Data Acquisition Protocol

The experimental data were collected following a specifically-designed DAP. The protocol
was organised in a four-stage session, with a total duration of 30 min per subject, including the
time required for presenting the study, signing the informed consent and the instrumentation-
setup procedure. Figure 1 summarizes the stages of the DAP. First, the participants were asked
to rest for three minutes with their eyes closed, to obtain a baseline signal for EEG data. In
the second stage, they were instructed about the basic interactions with the game and their
goal while playing; however, no preview about the specific challenges of the game levels
was provided. In the third stage, the subjects played the game while EEG signals and RGB
video were recorded. Once the game ended, they were asked to fill in the questionnaires
included in the study—i.e., the NASA Task Load Index (NASA-TLX) [61] and the study-specific
Task-Related questionnaire (TRESCA), detailed in Section 2.4. The offline data processing and
analysis are described in detail in Sections 2.6.1–2.10; a flow-chart of the different steps carried
out in the analysis is displayed in Figure 2.

Figure 1. Experimental data acquisition protocol: an EEG baseline is computed from a 3-min resting
phase, then the subject is instructed about the game, plays the game and finally answers the NASA
and TRESCA questionnaires.
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Figure 2. Offline data processing and analysis flowchart.

2.3. The Grab-Drag-Drop Exergame

For this study, an ad hoc exergame was developed in Unity®(Unity Technologies,
San Francisco, CA, USA), named Grab-Drag-Drop (GDD) exergame. It was designed
following well-established guidelines for video games targeting the elderly population [62].
The overall goal consists in repeatedly selecting the correct object among four alternatives
shown on-screen. The player must grab the object, drag it from its starting position on
top of a collecting box, then drop it inside the box before running out of time. Each object
is characterized by a shape (i.e., a cube, a sphere, a cone, a cylinder) and a colour (e.g.,
red, blue, green). A textual message appears in the middle of the screen, instructing the
user about the object to select; the time left is also displayed. In addition, the colour of the
background progressively turns from green to red as time runs out. Additional stimulation
is provided by a pressing background music, which is considered a significant source of
stress and engagement in game playing [63]. The human computer interaction (HCI) is
based on the GMH-D algorithm [64] to track the motion of the dominant hand of the player,
which is visualised as an hand-shaped cursor onscreen. An example of a game scenario
during the play is reported in Figure 3.

Figure 3. Game scenario during Level 4 of the GDD exergame. The user has to select the red sphere,
but the instruction is written in green. The box is moving and the time is expiring (appreciable from
the red background and the 1 second left to complete the task).
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The fundamental gesture is hand open–closing. When the hand is opened, the subject
can explore the game objects without interacting with them; on the contrary, when the
hand closes in the proximity of an object, this translates into a grab command. The drag
gesture consists in keeping the hand closed after a grasp, whereas the drop corresponds to a
transition from hand closed to hand opened. In case the player grasps the wrong object,
drops it outside the box or the time runs out, an error is assigned; otherwise, one point
is scored. Errors and scored points are associated to a negative and a positive acoustic
feedback, respectively.

The game is structured in four levels of complexity, here described in the detail.

• Level 1 (L1): it is designed as a tutorial level, to become acquainted with the task
and the game environment. Each GDD execution can last up to 10 seconds, and
background music is played at a normal pace. All objects are cubes; the discriminating
factor in the selection of the correct one is only the colour, which is not repeated among
the displayed objects. Six selections must be performed in sequence.

• Level 2 (L2): it introduces new possible shapes besides the cube. Colours and shapes
can be repeated among the objects, so the correct colour-shape combination has to be
identified. Ten objects have to be selected, while the background music plays with a
1.2x speed factor.

• Level 3 (L3): this level introduces a Stroop-Test-like [65] challenge in the recognition
of the correct object. In fact, the written message onscreen can appear with a non-
matching colour, e.g., the message could ask the user to select the red object while
being written in yellow. The time to select each of the 10 correct objects is reduced to 6
seconds, while the music is sped up by a 1.5x factor.

• Level 4 (L4): this level is the most difficult one. Besides the challenges of the previous
levels, the collecting box is now moving. Hence, the player has to select not only the
correct object, but also the correct timing for dropping it. The time for each GDD
executions is kept at 6 s as in L3, whereas the background music is played at 2x.

The transition between levels is not evident to the player, who perceives the overall
game play as a whole. This design choice was made to prevent explicit transitions between
levels from altering the concentration/engagement of the player. This also mimics what
would happen in a real adaptive-exergaming scenario, where the exergame should re-tune
itself in real-time, without explicit notifications to the player. All the information about the
start and the end of the each level, along with other significant events (e.g., start/end of
each GDD movement, errors and points) are stored during the game play in JSON format,
making all this information available for offline processing and analysis.

The GDD exergame merges motor and cognitive rehabilitation aspects. The motor
component is designed to stimulate the functionalities of the hand through the reaching,
grasping and dragging gestures, which could be challenging for pathological subjects
with hand dexterity impairment (e.g., PD patients or post-stroke subjects with hemiplegia).
Moreover, the level L4 requires a good eye–hand coordination to follow the box movements,
which diminishes in the elderly population and could be severely impaired in neurological
diseases [66,67]. The cognitive aspect is related to the recognition of the correct object to
select, given a set of stressors/sources of distraction that might make the decision complex
(e.g., the repetitions of shapes and colours, the Stroop-Test, the countdown timer). It is
worth noticing that the goal of this preliminary work was to demonstrate the possibility
of measuring mental engagement and burden using simple instrumentation. Hence, the
game was designed to solicit the cognitive burden as much as possible, including several
simultaneous stressors in order to achieve a measurable response in the collected signals.
However, in its current configuration the exergame may be too complex for pathological
subjects with severe motor or cognitive impairment, and has been tested on healthy young
adults only. Proper modifications and tests on the elderly and pathological subjects is left
to future developments.
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2.4. Questionnaires

After performing the GDD exergame, the participants were administered two ques-
tionnaires, in order to evaluate the task effectiveness and their self-perceived involvement.
We employed the NASA-TLX [68] and the TRESCA, a novel questionnaire specifically
designed to rate the users’ engagement and appraise the GDD elements and features.

2.4.1. NASA Task Load Index

The NASA-TLX is a scale useful to retrieve information about a task, in terms of
perceived workload and user’s performance, and can be administered immediately after
the task. It evaluates the responses on six categories, designed to explore different facets of
the task, rated numerically on a 100-points scale (0: very low, 100: very high). They are [68]:

• Mental Demand: Extent of mental activity required by the task.
• Physical Demand: Extent of physical activity required by the task.
• Temporal Demand: Extent of time pressure felt by the subject, due to the task pace or

the pace at which the task elements occurred.
• Overall Performance: Self-perceived success and satisfaction with the performance.
• Effort: Extent of mental and physical workload required to accomplish the level

of performance.
• Frustration Level: How irritated or frustrated the subject felt during the task.

Additionally, the questionnaire includes a set of pairwise comparisons between categories.
For each category pair, users are required to select the item they deem more impacting
on the workload. A weighted score is then worked out for each subject. However, some
studies demonstrated the efficacy of a shortened version that discards this latter part (Raw-
TLX), claiming that a briefer test is beneficial for improving experimental validity [69,70].
Indeed, a shorter test is simpler and more time efficient [71], and the scores provided by
the Raw-TLX highly correlated to the weighted scores of the original NASA-TLX. Based on
this assumption, in this work we have implemented the Raw-TLX. The final score is the
mean of the scores in all subscales, ranges between 0 and 100 and is then interpreted on a
5-point scale (Low to Very High perceived workload) [72], as reported in Table 2.

Table 2. Interpretation of the Raw TLX Score.

Range Perceived Workload

0–9 Low
10–29 Medium
30–49 Somewhat High
50–79 High
80–100 Very High

2.4.2. TRESCA: Task-Related Scale

As previously stated, the TRESCA survey was specifically designed for this observa-
tional study. It aims at assessing the proposed task in terms of self-perceived engagement
and cognitive workload, as well as evaluating the impact of the different features of the
GDD exergame and the environmental stressors on the subjects’ performance. It consists
of seven questions, arranged over three different items (Table 3), each covering different
aspects and perspectives that contribute to an effective task completion.

The first item, Environmental and Game Features, aims at exploring the perceived effect
of stressors. The participants are required to sort, in increasing order, the exergame features
and environmental factors according to their distracting effect—i.e., starting from the
element that made it most difficult to carry out the task without interference. The considered
elements are: (E1): Repeated colour, (E2): Repeated shape, (E3): Time, (E4): Inconsistent stimuli
(unmatched colour/word), (E5): Music, (E6): Moving objects. The subjects were also required
to report whether they noticed any change in difficulty during the exergame.
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The second item, Mental and Cognitive Workload, includes two questions that investigate
the self-perceived engagement and attention levels, respectively. These two elements
contribute to the validation of the exergame effectiveness in compelling and maintaining
the users engaged, as described in Section 3.1. Indeed, they converge into the TRESCA
Engagement Score (TENS), defined on a 10-point scale as the average of the two questions.

Finally, in the third item, Perceived Shifts in Performance, the participants are asked to
rate on a 10-point scale their level of effort and dedication throughout the task, fatigue and
concentration. These are combined into a single score, named the TRESCA Effort Score
(TEFS) and defined as the average of the three self-perceived scores.

Table 3. TRESCA Questionnaire: items description and score range.

Item Score

I. Environmental and Game Features

Exergame Features and Environmental Factors 1–6 (1: most distracting)
Change in difficulty during the game 10-point scale (10: maximum)

II. Mental and Cognitive Workload
The questions refer to the parameters throughout the game

Engagement Level 10-point scale (10: maximum)
Attention level 10-point scale (10: maximum)

III. Perceived Shifts in Performance
The questions refer to the parameters throughout the game

Effort and Dedication 10-point scale (10: maximum)
Fatigue Level 10-point scale (10: maximum)
Active concentration throughout the game 10-point scale (10: maximum)

2.5. Instrumentation

This Section describes the instrumentation employed. As previously introduced, the
use of low-cost, lightweight equipment is a key factor in this feasibility study. Hence, only
wearable technology and 3D cameras of limited cost were employed in the experimental
data collection: these are described in the following paragraphs.

2.5.1. Azure Kinect

The Kinect devices, initially conceived as RGB-Depth cameras for commercial gaming,
have a long history of applications in the field of exergaming [73–75] and as a research tool
for clinical applications. The new Azure Kinect camera presents with an improved depth
sensor with respect to its predecessors [76], but still lacks a proper system for tracking
hand joints in its native body tracking algorithm. Therefore, the GMH-D solution proposed
in [64] was employed in this work. GMH-D merges the depth estimation, provided by
the Azure Kinect depth map, and the virtual joint tracking by Google Mediapipe Hands
(GMH). It provides high accuracy hand tracking, also in a scenario were GMH alone fails
due to complex hand gestures [64].

The tracking works in real-time (30 frames per seconds) on a ZOTAC ©(Zotac, Fo Tan,
New Territories, Hong Kong, China) ZBOX EN52060-V model. It is equipped with a 9th
generation Intel ®CoreTM processor (2.4 GHz quad-core), 16 GB RAM, NVIDIA GeForce
RTX 2060 6GB GDDR6, HDMI and USB3 ports, Windows 10 Operating System. This makes
GMH-D a suitable tracking solution for managing the real-time HCI inside the GDD game.
In addition, the colour stream of the Azure Kinect camera during the game play is saved as
an AVI file using the standard functions from the OpenCV library. This file is processed
offline using the Google Mediapipe Face Mesh (GMFM) solution [77] to extract the eye
blink features described in Section 2.7.2. Figure 4 shows the setup of the Azure Kinect and
the Zotac miniPC employed in these experiments.
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Figure 4. Acquisition system setup for the experimental sessions.

2.5.2. EEG Headset

A wireless headset (Dreem 2 Headband) was employed for the EEG signal acquisition;
the subjects wore the headband throughout the execution of the experiment, from the
rest stage to the end of the game play. The Dreem 2 Headband (Figure 5A) is a non-
invasive, wearable device (soft fabric and TPU) specifically designed for the collection
of physiological data. Generally employed for sleep tracking purposes [78], it contains
several sensors, among which 6 EEG dry electrodes. Dry electrodes do not require skin
preparation and the use of conductive gel. On the other hand, they necessitate close contact
with the skin to ensure low contact-impedance, and therefore a good quality signal. The
headband is one-size; three size adjusters (small, medium, large) are also provided to allow
for proper fitting.

The EEG signal was recorded at the frontal and pre-frontal sites, following the In-
ternational 10–20 System, through channels Fpz, F7, F8 with occipital channels O1 and
O2 set as reference (Figure 5B). All EEG signals were acquired at a sampling frequency
of 250 Hz. Data were exported as EDF files for further processing. In the perspective of
developing a low-computational cost BCI based on a single-EEG channel, only the Fpz
channel (Figure 5B) was employed in the analysis. This was chosen out of the other avail-
able recording sites, not only for its frontal location, but also because it featured the highest
recording quality.

Figure 5. (A) Dreem 2 EEG Headset employed for the data collection and sensors location. (B) EEG
electrodes available on the headset, 10–20 standard (green: channel selected for the study).
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2.6. Data Pre-Processing

The collected data—i.e., raw EEG signals and video recordings for the extraction of blink-
ing events during game play—were properly pre-processed in order to improve the quality of
the extracted features. This procedure is described in detail in the following subsections.

2.6.1. EEG Data

The EEG signals were resampled at 256 Hz, to allow for better implementation of the
frequency-domain processing. A preliminary check on the overall quality of the recordings
was performed using the channel quality metrics provided by the Dreem acquisition system.
These metrics are based on electrode and skin impedance and headband placing, and are
provided on a scale 0–100, with 50 being the threshold to identify low quality recordings.
Hence, subjects featuring a channel quality below 50 were discarded from subsequent
analysis, leading to a final dataset including 37 subjects.

Waking EEG is a low-amplitude process, frequently affected by physiological and
non-physiological artefacts of higher amplitude. In this work, artefact rejection only en-
compassed pre-processing filters and very simple operations. In fact, we aimed at devising
a framework for real-world applications, hence we chose to avoid heavy computation.
The EEG signals were bandpass-filtered through a zero-phase Chebyschev Type 1 filter
(bandwidth: 0.5–40 Hz), to attenuate high-frequency noise related to EMG and the slow
drifts. Artefacts related to poor headband placing, motion or electrode detachment result
in very high-amplitude samples. Hence, thresholding was applied to the whole EEG
recording, and samples with absolute amplitude exceeding 250 µV were discarded. Finally,
Independent Component Analysis (ICA) was employed to remove ocular artefacts (i.e.,
eye-blinks), using the Infomax algorithm [79].

2.6.2. Video Recordings for Offline Blink Detection

The subjects were recorded through the Azure Kinect camera while playing the game.
The camera was placed approximately 1 m in front of the subjects for HCI and game
requirements. This positioning allowed the camera to record the subjects’ face during the
whole game play. The video sequences collected during the test were analysed using the
GMFM to extract 472 facial landmarks for each frame. To identify eye blinking events and
their features, only the landmarks referring to the left and the right eyes (6 for each eye)
were identified in each frame and stored in a JSON format file. The eye blinking event
analysis, based on this file, is described in Section 2.7.2.

2.7. Feature Extraction

The features employed in the Machine Learning (ML) models were extracted from the
EEG features and the eye landmarks.

The EEG feature extraction process followed three configurations, defined as follows:

• Rest: Features are extracted from the whole rest period preceding the game;
• Game: Features are extracted from the whole exergame, from start to end (with no

level distinction);
• Levels: Features are extracted from each single level.

The features related to eye blinking were evaluated only in the Game and Levels configura-
tions, since the subjects were asked to keep their eyes closed during Rest.

2.7.1. EEG Features

EEG Features were extracted from the Fpz channel in an epoch-wise fashion, and in
the Time (TD) and Frequency (FD) domains respectively. The EEG records were divided
into 10 s segments and TD features were extracted and concatenated as an array. Five
statistics—i.e., mean, median, mode, 25th and 75th percentiles, standard deviation—were
computed for each feature and employed as variables. TD features were used to describe
the amplitude, morphology and statistical properties of the EEG segments. Among these,
the Hjorth Parameters (Activity, Mobility, Complexity) are normalised slope descriptors
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and account for the waveform variability [80]. They are computed on the signal and its
1st and 2nd order derivatives, as stated in Equations (1)–(3), where x is the EEG epoch.

Activity = var(x) (1)

Mobility =

√
dx
dt

var(x)
(2)

Complexity =
Mobility( dx

dt )

Mobility(x)
(3)

Impulsive metrics (Form, Crest and Impact Factors) were also extracted from the EEG
records, to describe the peak amplitude and the waveform properties through a measure of
RMS, as proposed in [81].

On the other hand, features in the FD were computed from the Power Spectral Density
(PSD), estimated using the Welch modified periodogram with sliding Hanning windows
of length 1.5 s and 25% overlap. Absolute and Relative Power (AP, RP, respectively) were
computed from the PSD on each waking-EEG clinically relevant band: Theta (θ, range:
4–8 Hz), Alpha (α, range: 8–13 Hz), Beta (β, range: 13–30 Hz) and Gamma (γ, range:
30–40 Hz). Additionally, AP and RP were computed on the Mu (µ, range: 7–11 Hz) and
Sensorimotor (SMR, range: 13–15 Hz) rhythms, as they have been widely employed in BCI
technology [82,83].

The power in the different frequency bands was further exploited to compute pa-
rameters accounting for concentration, attention, motor planning and execution. Among
these, we mention the Concentration Index (CI) [48], which is proportional to the band-
power (BP) in the β and SMR range (Equation (4)), and the event-related desynchronisa-
tion/synchronisation (ERD/ERS) described in [48] and reported in Equation (5).

CI =
BPSMR + BPβ

BPθ
(4)

ERD/ERS% = 100 ∗ BPbaseline − BPtask
BPbaseline

(5)

Finally, the Engagement Index (EI) was computed. It is an adimensional parameter
employed in [84] to describe the engagement level and detect mental changes during the
execution of a task. The index is proportional to the β-BP and is computed as:

EI =
BPβ

BPθ + BPα
(6)

As an increase in the β-BP is commonly linked to an increased level of concentration [47,48],
higher EI values may indicate higher mental engagement. A complete list of the extracted
EEG features is displayed in Table 4.

Table 4. Employed EEG features, along with the domain and proper reference. �: adapted from the
cited study.

Category Feature Reference

Time and Morphological

Amplitude metrics: root mean square, kurtosis, maxi-
mum and minimum value various

Hjorth Parameters (Activity, Complexity, Mobility) [80]

Form, Crest and Impact Factors various

Approximate Entropy [85]
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Table 4. Cont.

Category Feature Reference

Frequency

Relative Power for each relevant frequency band (θ, α, µ, SMR, β, γ) various

Absolute Power for each relevant frequency band (θ, α, µ, SMR, β, γ) various

Peak Frequency in the α-band [86]

Frontal θ to α Ratio [87]

Engagement Index � [47,48]

Concentration Index � [48]

Event-Related Desynchronisation and Event-Related Synchronisation � [48,53]

2.7.2. Eye Blinking

Eye blinking is considered a significant factor in the identification of attention and
engagement [58–60]; it tends to decrease during a challenging task that requires the user to
keep a steady gaze on the screen. In this work, blinking features were added to EEG ones
with the aim of improving the recognition of the levels of engagement during the game.
They could not be evaluated during the initial rest phase, as the subjects were asked to
keep their eyes closed to better relax and avoid distractions due to the testing environment.

Several algorithms have been proposed in literature to automatically extract eye blink-
ing from video, once the facial landmarks related to the eyes have been identified [88–90].
In this work, the algorithm based on the Eye Aspect Ratio (EAR) proposed in [91] was
employed to capture blinking from the facial landmarks tracked by GMFM. The features
listed in Table 5 were extracted from the identified blinking events. This list includes also
trends of the EAR, since changes in the shape of the eyes such as squeezing or widening
could be associated with concentration, engagement or loss of attention [58,92].

Table 5. Employed blink and EAR features, along with proper reference. ?: first presented/employed
in this work.

Category Feature Reference

Blink

Blink Absolute Frequency (BAF) ?

Blink Relative Frequency (BRF), with respect to level duration ?

Mean Blink Duration (MBD) [58]

STD Blink Duration ?

Blink Rate various

EAR
Mean EAR [58]

Standard Deviation (STD) EAR ?

2.8. Statistical Analysis and Feature Selection

The statistical analysis was conducted using the open-source statistical tool Jamovi [93].
After data inspection through box- and violin plots, the normality of the employed EEG
and eye blinking features was investigated by means of the Shapiro-Wilk test. Then, the
parametric independent sample Student’s t-test (for normal features) and the non-parametric
Mann–Whitney independent sample U-Test (for non-normal features) were used to identify
characteristics differently distributed between the rest stage (REST) and the game play stage
(GAME) of the protocol. All statistical tests were performed at the 95% confidence interval.

Feature Selection was performed by means of the the ReliefF algorithm [94] to se-
lect the top-K relevant features for the classification task. The parameter K was chosen
by identifying the elbow on the feature importance scores computed by the algorithm.
For classification, only the features above threshold were considered when applying the
ML models.
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2.9. Automatic Classification of Mental Activation

To prove the feasibility of an EEG-based assessment of mental activation during
exergames, supervised ML methods were employed to automatically discriminate among
different mental states. In particular, as introduced in Section 2.7, the following two
configurations were explored:

• (1) Rest vs. Game: binary classification between the rest stage and the task (whole
exergame, levels 1 to 4);

• (2) Inter-Level Classification: 4-stage classification intended to detect the four levels
designed in the exergame.

In the first classification task, only EEG features were included, as during the REST
stage the subjects kept their eyes closed; hence, it was not possible to retrieve the blink-
ing pattern. The eye-blinking features were introduced in the second classification task
(discrimination among levels).

Four supervised models were explored, namely:

• Support Vector Machine (SVM): the model aims at finding the hyperplane that best
separates the samples in the dataset according to their class.

• K-Nearest Neighbour (KNN): it is a non-parametric method that employs similarity
measures to classify the elements in the dataset.

• Discriminant Analysis (DA): it is a multi-variate data analysis technique that aims
at finding the linear combination of features that best characterises the classes in
the dataset.

• AdaBoost: it is an adaptive ensemble learning method based on Random Forest
classifiers. In the binary classification configuration, it trains learners sequentially and,
at each iteration, it updates the observation weights by increasing the weights of the
misclassified ones and decreasing those of correctly classified.

A k-fold Cross Validation (CV) (k = 10) was employed in the training phase to allow
for better generalisation capability and mitigate the risk of overfitting. This technique
partitions the available data into k different subsets. Then, the models are trained on k− 1
subsets and tested on the remaining one. This procedure is repeated until all folds have
been explored. The obtained performance metrics are the average of those yielded in the
different iterations. Hyperparameters were optimised through a Grid Search approach or
Bayesian optimisation (maximum number of iterations: 50) to further ensure the robustness
of the trained classifiers. A complete summary of the employed models and optimised
parameters is provided in Table 6.

Table 6. Summary of the explored classifiers, along with the hyperparameters search range and the
optimised parameters. For each classifier, the chosen normalisation and cross-validation technique
are also displayed.

SVM KNN DA AdaBoost

Normalisation z-score z-score z-score z-score

Optimisation Method
(Iterations) Bayesian (50) Grid Search (50) Grid Search (50) Bayesian (50)

Hyperparameters
and Search Range

Kernel function: linear,
quadratic, cubic, gaussian
Penalty (C): 0.001–1000

Distance metric: Euclidean,
Chebyschev, Hamming,
Manhattan, Mahalanobis,
Spearman, Minkowski
K: 1–12

Discriminant:
linear, quadratic

Splits: range 1–50
Learners: 1–100
Learning rate: 0.1–1

Optimised Parameters Linear kernel
C = 1

Euclidean Distance
K = 1 Linear Discriminant

Splits: 20
Learners: 30
Learning rate: 0.1

Cross-Validation 10-fold 10-fold 10-fold 10-fold
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2.10. Subjects’ Response to Levels Variation

Several works proposed in the literature exploit the EI as an objective metric to evaluate
engagement. Moreover, in this work, the EI was found relevant for the classification REST
vs. GAME (cf. Section 3). As discussed in Section 2.7.1, the EI is adimensional and its range
may vary across different subjects. Consequently, if one wants to explore how different
subjects cluster with respect to this parameter, this process cannot be based on the actual EI
values, and an alternative metric, accounting for its increasing/decreasing trend, must be
employed. We performed a preliminary analysis of the variation of the EI among the four
game levels and for each subject. In more detail, for each subject s, a vector Is ∈ R4 was
computed such that each element iL, with L = 1, ..., 4 and L− 1 = 0 representing the REST
stage, is defined as:

iL =

{
−1 EIL − EIL−1 < 0
1 EIL − EIL−1 ≥ 0

(7)

This binary vector describes an EI increase (+1) or decrease (−1) between levels L− 1
and L, allowing to cluster the subjects’ responses according to the overall trend in the four
levels. The correspondence between the dominant clusters and the answers provided in
the TRESCA questionnaire was explored to identify relevant correlation.

3. Results
3.1. Exergame Validation

Figure 6A displays the Raw NASA TLX scores for all the tested subjects (also the
subjects excluded from the data analysis are included here, since they actually performed
the game, and hence could provide a feedback through self-assessment). The score ranges
highlighted in the plot are as in [72]. As it can be appreciated, all scores fall in the MEDIUM
to HIGH range. The TEFS and the TENS scores (Figure 6B,C) both report values in the
SOMEWHAT-HIGH to VERY-HIGH range. This shift upwards is likely related to the fact
that these scores are more specific to the goals of this study (effort and engagement) than
the NASA TLX. This latter, even if largely validated, still remains a general-purpose ques-
tionnaire. Overall, the evaluation provided by the users support the engaging capability of
the designed exergame.

Figure 6. Exergame validation through administered questionnaries. (A) NASA-TLX raw score
per each subject; (B) TRESCA Effort score per each subject; (C) TRESCA Engagement score per
each subject.
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In Figure 7, for each Environmental and Game Feature considered in Item 1 of the
TRESCA questionnaire, the number of subjects that have ranked that element in the first
three positions is reported. For the sake of clarity, we recall the element definitions:
(E1): Repeated colour; (E2): Repeated shape; (E3): Time; (E4): Inconsistent stimuli (unmatched
colour/word); (E5): Music; (E6): Moving objects. From this Figure, it can be appreciated that
E3 was the most frequently ranked element among the first three positions, followed by
E6 and E5. As for the first ranking position, E6, E4 and E3 were considered as the most
challenging elements by more than 72% of the players.

Figure 7. Distribution of the first three positions in the ranking of the most distracting game elements.

3.2. Feature Analysis: Statistical Analysis and Feature Selection Results

Regarding the characteristics of blinking features, Figure 8 reports the violin plots
of the Blink Relative Frequency (BRF), defined as the number of blinks divided by the
duration of each level. This parameter exhibits a bell-shaped behaviour across the levels.
The median values are lower in L1 and L4, and they raise in L2 and L3. This seem to suggest
similar visual attention patterns in the player at the beginning and the end of the game,
when the maximum stimulation is enforced to the user.

Figure 8. Violin plot of the Blink Relative Frequency across the four levels.

Regarding feature selection, after inspecting the importance scores provided by the
ReliefF algorithm, K = 8 (out of 79) was chosen as the number of EEG features to be kept
in the REST vs. GAME classification task. Figure 9 shows the importance scores, whereas
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Table 7 reports their statistical description. In the second classification task, the eye-blinking
features were included. In this case, a total of 15 features (out of 85) were selected through
the ReliefF scores. The statistics of the selected eye-blink features are reported in Table 7. It
can be noticed that most EEG features are normally distributed according to the Shapiro-
Wilk test results, and all the EEG features are statistically significant. On the other hand,
the eye-blinking features are not normally distributed in the levels.

Figure 9. Importance scores of the selected features, computed through the ReliefF algorithm.

Table 7. Descriptive and Independent Samples Statistics of the features employed in the classification.
The �mark represents normal features, the * represents significant features (95% confidence interval).

Features (EEG) Shapiro-Wilk Independent Sample Test

Relative Power (µ) 0.057� <0.001 *
Relative Power (α) 0.142 � <0.001 *
Engagement Index <0.001 <0.001 *
Frontal Ratio 0.088 � <0.001 *
Relative Power (θ) 0.841 � <0.001 *
Complexitymode 0.245 � <0.001 *
Complexity75pctl 0.036 � <0.001 *
Complexitymean 0.100 � <0.001 *

Features (Eye-Blink) Shapiro-Wilk Independent Sample Test

Blink Relative Frequency <0.001 <0.005
Eye Aspect RatioSTD <0.001 <0.005

3.3. Automatic Classification Results

As discussed in Section 2.9, a binary classification between the REST and the GAME
configurations was performed. The results are reported in Table 8, with the positive
class being GAME. The performance of each classifier is reported through the Accuracy,
Sensitivity, Specificity, Precision (PPV) and F-1 score—the latter being the harmonic mean
of Sensitivity and Precision. The metrics are computed according to Equations (8)–(12)—
where TP, TN, FP, FN stand for True Positives, True Negatives, False Positives, False
Negatives, respectively.

Accuracy =
TP + TN

TP + TN + FP + FN
(8)

Sensitivity =
TP

TP + FN
(9)

Speci f icity =
TN

TN + FP
(10)
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Precision =
TP

TP + FP
(11)

F1 = 2 ∗ Precision ∗ Sensitivity
Precision + Sensitivity

(12)

As can be appreciated, all the explored models scored a high overall accuracy (in
excess of 90%), suggesting good classification performance and high predictive power of
the features selected through the ReliefF algorithm. According to the computed metrics, the
Linear DA performed the best, yielding a 98.61% accuracy, with precision and F-1 values of
97.3% and 98.6%, respectively.

Table 8. Classification performance of the employed classifiers, REST vs. GAME.

SVM KNN DA AdaBoost

Accuracy 95.83% 93.05% 98.61% 90.27%
Sensitivity 97.23% 94.62% 97.21% 91.67%
Specificity 94.45% 91.41% 98.35% 88.89%
Precision 94.59% 91.89% 97.29% 89.19%
F-1 95.89% 93.15% 98.63% 90.41%

The models employed in binary classification REST vs. GAME were then exploited
to attempt a 4-stage classification, employing the features extracted from each level of the
exergame as well as the eye-blinking features (cf. Table 5). However, even after a thorough
feature selection process, it was not possible to attain satisfactory as those presented in
Table 8. Indeed, though being considerably unaffected by false positives (with the best
configuration featuring a macro-averaged specificity over 98%), the implemented models
could not effectively discriminate the four game levels.

In order to understand the reason behind this performance impairment, the features
reported in literature as those most linked to engagement and attention were further inves-
tigated. In particular, as previously discussed, BRF is a key element in evaluating mental
states, since lower values of the feature are generally linked to a higher level of concentration.
As appreciable from Figure 8, both L1 and L4 present with small values of BRF, suggesting
a similar pattern in the initial and final stages of the exergame, as well as a high level of
engagement. On the other hand, the violin plots display an increase of BRF in L2 and L3;
the two levels also present with an alike data distribution. This may indicate a reduction
in engagement with respect to the previous level, probably due to an adaptive mechanism.
Based on this assumption, it is possible to infer that not only L2 and L3 follow a similar trend,
but also they may represent the steady state of the game. In L1, the low BRF may be due to the
fact that the subject has to become used to the game, whereas the low BRF values observed in
L4 may denote a significant change in difficulty when shifting from L3.

For this reason, a third classification task was performed to discriminate the Low-
Engagement (LE) and High-Engagement (HE) stages of the game, which, based on the
feature analysis, were identified in L2 and L4, respectively. Various supervised models
were trained and tested for this purpose. For the sake of brevity, Table 9B reports the
classification performance of the best model (AdaBoost). A 10-fold CV was applied to
allow for better generalisation capability. The model hyperparameters were optimised
through Bayesian Optimisation (50 iterations); their search range and the optimised model
parameters are displayed in Table 9A. The model yielded an overall accuracy of 72.2%, with
Sensitivity and F-1 score of 75% and 72.3%, respectively. These results denote a reasonable
capability to discriminate between a steady, low-engagement phase of the game and a
high-engagement one.
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Table 9. AdaBoost classifier (Low-Engagement vs. High-Engagement): model hyperparameters and
classification performance.

A. Model Hyperparameters

Splits Learners Learning rate

Search Range 1–50 1–100 0.1–1

Optimised Parameters 20 30 0.1

B. Classification Performance

Accuracy Sensitivity Specificity Precision F-1

Optimised AdaBoost 72.2% 75% 69.44% 71.05% 72.3%

3.4. Subjects Response to Levels

As introduced in Section 2.10, the EI values across the four exergame levels Li, i =
1, . . . , 4, can evaluate the variation of the subjects’ engagement. The inter-level variations
iL, defined in Equation (7), were employed to identify different clusters reflecting the
response of the subjects to the game levels. Figure 10 displays the results. Out of the
possible 2L−1 clusters, C4, C6, and C8 emerged as the most populated, with 11, 8 and
7 subjects, respectively, while the other clusters only encompassed a limited number of
subjects (up to 3). Due to the limited population size, it was not possible to infer whether
these latter represent actual trend clusters or outliers. Therefore, they were excluded from
the subsequent analysis.

Figure 10. Inter-level variation clusters, along with the number of included subjects

A deeper analysis of the most populated clusters is reported below; for the sake of
clarity, an inter-level EI decrease (increase) is represented as D (I), respectively.

• Cluster C4. This resulted to be the most populated cluster, including 11 subjects. The
trend follows a D− I − D pattern, meaning that the subjects showed an increase in
the value of EI while shifting from L2 to L3.

• Cluster C6. This cluster includes 7 subjects and follows a D − D − I pattern. This
reflects an increase of the EI value in L4.

• Cluster C8. This cluster encompasses 8 subjects. The inter-level variation pattern is
I − I − D. This denotes an increase in the EI value when shifting from L1 to L2 and
from L2 to L3, and then a decrease when moving to L4.

Figure 11 displays the EI values (mean ± STD) across the four levels, in the three most
populated clusters C4, C6, and C8. As discussed in Section 2.7.1, the EI is adimensional
and its range may vary across different subjects. Consequently, the clustering process is
based on its increasing/decreasing trend.
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Figure 11. Engagement Index (EI) across the four levels, in the three most populated clusters.

After evaluating the inter-level EI variations in the most populated clusters, the
subjects’ response to the TRESCA questionnaire (Item 1, Question 1) was analysed, in
order to identify pertinent connections between the designed stressors and the change
in engagement. As regards C6, which displays an EI increase in L4, the totality of the
subjects indicated the Moving Objects and Fast-Paced Music as being the most distracting
features—i.e., both stressors that characterise L4. On the other hand, C8 shows a linear
increase of EI from L2 to L3, and a drop in L4. From the TRESCA Questionnaire, 63%
of the subjects in this cluster marked the Repeated Colour/Shape and Incongruent Stimuli
(Stroop-Test) in the top-3 distracting stressors. Finally, cluster C4 shows a varying trend,
with a decrease of EI in L2, a rise in L3 and a subsequent drop. For this cluster, it was not
possible to find a direct correspondence with the subjects’ responses; however, 55% of the
subjects indicated the Incongruent Stimuli among the top-3 most distracting elements.

4. Discussion

In the scenario of neurodegenerative disorders, motor/cognitive rehabilitation plays
a fundamental role in the slowdown of the degeneration process and in symptoms mit-
igation, with demonstrated improvements in quality of life. However, in-person and
in-hospital rehabilitation is difficult to carry out on a daily basis. The solution could rely
on the implementation of new generation rehabilitation strategies such as exergames, in
which the subjects are involved in the accomplishment of a video game whose goals are
coupled with specific cognitive and motor rehabilitation strategies. Exergames could ap-
ply also to telerehabilitation scenarios, allowing for the implementation of continuous,
at-home protocols.

However, two main issues may arise in this approach. On the one hand, rehabilitation
protocols should be properly tailored on the need of the single subject; on the other hand,
the effectiveness of the solution is inevitably linked to continuity of use, which can be
achieved only if a good level of engagement is elicited in the player. EEG signals and eye-
blinking related patterns are a promising approach for the measurement of engagement
in game play. A low-cost BCI based on coupling video analysis and a non-invasive EEG
headsets could be used to detect engagement while playing and automatically adjust the
game so as to increase or decrease the solicitation provided to the user.

In this work, the above-described BCI system, based on Dreem Headband v2 and
Azure Kinect for HCI interaction and eye-blinking detection, has been preliminary in-
vestigated. Fifty healthy subjects were recruited to test the GDD exergame, specifically
designed to stimulate motor and cognitive performance through a sequence of four levels
of increasing difficulty. Subjects were equipped with the EEG headband and played the
game while their EEG signals from the frontal and pre-frontal cortices were recorded. The
user interaction with the game was made possible through the Azure Kinect device, which
recorded also the face of the user during the game play. From these recordings, the blinking
events, that could convey additional information on the engagement of the player, were
extracted and included in the analysis.
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The effectiveness of the GDD exergame in stimulating the subjects was proven by the
results of the questionnaires administered after the trials. From the Raw NASA-TLX, 88% of
subjects found the game as “SOME-WHAT HIGH to HIGH”, in terms of workload required.
From the game-specific TRESCA questionnaire, effort and engagement scores were found
to be in the HIGH and VERY-HIGH ranges for 80% and 96% of the players, respectively.
Moreover, among the stressors included in the game to solicit the player, Time, Inconsistent
Stimuli (i.e., the Stroop-Test), Moving Objects and Fast-paced Music were all considered
as significant stressors. All these elements appear or increase their magnitude during the
transition between levels; therefore, the answers from the players seem to suggest that
an increase in the required mental workload was correctly achieved following the initial
design choices. As a limitation, the absence of an explicit indication of the game levels
did not allow to inquire more specifically about which of the four sequences was actually
the most stimulating one. Future work should take into account whether to convey this
information, to extrapolate from the user more specific feedback at the end of the task.

From the EEG signals and facial video recordings a series of features related to mental
activation, engagement and blinking events were extracted offline, after proper data pre-
processing. The statistical analysis of such features showed a mix of normally and non-
normally distributed features.

As for the EEG features, the employed Independent Sample Statistical Tests (i.e.,
Student’s T or Mann–Whitney U) highlighted how the features Relative Powers (α, θ, µ),
Complexity, Engagement Index, and Frontal Ratio exhibit different statistical distributions
during the rest and the game play stages. This is reflected in the high performance achieved
through the classification methods employed in the REST vs. GAME task, in terms of all
the computed performance metrics. This result supports the idea that a discrimination
between these two states may be properly measured by means of a low-cost BCI such as
that proposed in this work. Indeed, all the tested classifiers achieved an overall accuracy
over 90%, and the best model attained an accuracy, sensitivity and F-1 score of 98.61%,
97.2% and 98.63%, respectively.

An extensive comparison with previous works is not trivial, for several reasons. First,
to the best of our knowledge, this is the first study that aims at evaluating engagement
during a motor-cognitive task presented by means of an exergame, providing multi-source
stimulation. Second, the framework proposed in this work relies on ML algorithms,
whereas the vast majority of works investigating engagement only performed statistical
analyses on the collected data [57,95]. Last, previous works mainly commit to multi-channel
EEG recorded with traditional EEG caps—therefore being invasive and requiring higher
setup times [56].

In [96], a configuration similar to the one proposed in this work is presented; the
Authors employ ML models in a Human-Computer Interaction scenario. EEG signals are
collected from the participants both during rest and while playing a commercial videogame.
Our results outperform those in [96], where the Rest vs. Game configuration attained a
92.7% accuracy through a Bayesian Network classifier. This is the only reported parameter
in the mentioned study, therefore a thorough comparison with the other performance
metrics was not possible, also due to the different nature of the employed classification
model. Furthermore, in [96] the Authors exploit two EEG channels for the analysis, and,
though being reasonably low-cost instrumentation, the Ag/Cl electrodes employed still
required full-skin preparation to reduce skin impedance and the use of conductive paste
to allow for good electrical connection, in contrast to the dry-electrodes employed in our
study. In [56], the Authors collect numerous EEG channels and employ a SVM classifier
to detect cognitive-only tasks based on EEG parameters, among which the EI. The only
performance metric available is the accuracy. The best reported model yielded a 93.33%
accuracy, averaged across the subjects; our results for the SVM classifier are in line with
these findings. However, though the Authors claim to have successfully performed a
multi-task recognition, it is not clear how the reported accuracy for each subject was
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computed. Finally, the study only involved six subjects, and the EEG was recorded through
a traditional electrode-cap.

As regards the blinking features, BRF exhibits a particular trend (Figure 8): blinking is
reduced in the first and the last levels, whereas it tends to increase in levels two and three.
This behaviour may find its explanation in the following: at the beginning of the task, the
player does not know what to expect, and blinking is suppressed to keep the visual focus
steady on the game scene. Once the player becomes used to the game procedures in L2 and
L3, the blinking frequency increases again. The sudden change in the game in L4 (i.e., the
box starting to move), which involves a new significant visual stimulation, produces again
a reduction in the occurrence of blinking. This result seems to support the importance of
eye blinking in the evaluation of attention/engagement and will be further explored in
future works.

Nevertheless, including the eye-blinking features did not prove sufficient to improve
the Inter-Level classification, that yielded overall poor results, even though in line with [97].
This could be explained by several factors. On the one hand, the different levels combine
several stimuli, which could reflect in different types of responses in the EEG signal. This
superimposition of effects could be challenging to disentangle and therefore to associate
to a specific level response. In addition to this, only the EEG recordings from a single
channel were used to extract the features, inevitably reducing the overall quality of the
computed metrics. On the other hand, the answers to the questionnaires show how the
different subjects had different responses to the provided stimulation, which, for instance,
indicates that not for all participants L4 was implicitly more challenging and engaging
than L3. Finally, each level had a different duration, spanning from a minimum of 10 s
to a maximum of 40 s on average, according to the player’s performance. It is possible
that the short duration of some levels did not allow for the recognition of level-specific
characteristics in the EEG signals, whereas in the classification REST vs. GAME, the
parameters were obtained over longer recordings (around 2–3 min for each phase). For
these reasons, a classification between L2 and L4 was performed considering the former as
a low-engagement level after the initial training stage L1 (as proven by the average increase
in the BRF parameter), and the latter as the most stimulating one, due to all the stressors
that it simultaneously encompasses. The best model achieved an overall accuracy of 72.2%,
with sensitivity and F-1 score of 75% and 72.3%, respectively. This provides support for the
fact that a finer classification might be feasible, and its investigation is left to future work.

Finally, it may be of interest to reduce the stimulation or adapt it according to the tested
subject, in order to better identify clear variations in the EEG patterns. To this end, the
results of the TRESCA questionnaire and the results of the clustering could provide insight
on the response pattern of the subjects. Indeed, the exploration of the engagement trends
in the subjects aimed not only at validating the proposed stressors, but also at assessing
the feasibility of an adaptive system that may provide the user with the proper stimuli for
a successful rehabilitation strategy. For example, cluster C6 showed a strong connection
between (1) the elements marked as most distracting and (2) an increase in engagement
in the corresponding level. However, as the transition between levels was designed to
be as smooth as possible—i.e., without informing the user of any level shift or change in
difficulty—a clear distinction between levels is challenging, also due to the fact that the
stressors are subsequently added as exergame features, or increased in intensity throughout
the game. This may explain why such a definite correspondence Level–Stressor was difficult
to attain in clusters C4 and C8, which, however, showed encouraging connections.

This work is not without limitations. First, being this a pilot study, only healthy
subjects were recruited; therefore engagement patterns and neuro-physiological character-
istics were explored only in that sample. When including subjects with neurodegenerative
diseases, proper calibrations and adjustments may be required in the offline data process-
ing stage. For instance, one should take into account the difference in EEG morphology
that could occur in that population, as well as disease-specific or abnormal eye-blinking
patterns. Second, dry-EEG electrodes allow for a faster and easier setup procedure but, at
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the same time, the lack of skin preparation and conductive paste may result in higher skin
impedance and lower recording quality. In fact, 13 subjects had to be discarded from the
study as the recording quality did not allow for a reliable analysis. Last, in this work only
the Fpz channel was explored. Given that the proposed task is mainly a visual-stimulated
one, it could be beneficial to evaluate the EEG activity at the occipital channels or the central
channels—the latter, however, were not available in the employed EEG headset. A single-
channel-based analysis may limit performance when trying to detect finer variations in
engagement. However, in view of a telemedicine application, employing a single electrode
would undeniably allow for a less costly system, and remove the need for cumbersome
and invasive instrumentation.

5. Conclusions

This pilot study investigated the feasibility of a low-cost BCI system based on single-
channel EEG for the assessment of mental workload and engagement. In the future, this
would allow for the development of adaptive telerehabilitation strategies without the
need for expensive and invasive equipment. The results, from a clinical point of view,
are promising; indeed, it was possible to classify an active mental state—with respect to
rest—and to identify different engagement paradigms during game play. Future work
will focus on the discrimination of finer stimuli from EEG and facial features; to this end,
each game level could be associated to a specific predominant stressor, therefore avoiding
the influence of other factors and superimposition effects. Finally, the investigation of
engagement patterns, mental and emotional workload will be replicated and validated on
pathological subjects.
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DAP Data Acquisition Protocol
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FN False Negatives
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