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ABSTRACT Bioelectric signals can improve assessment in videogames by helping to better understand user
experience, evaluate attention, or study the cognitive and physical effects of games. Use of signals is therefore
relevant to better evaluate and understand the impact and effects of videogames on players, and specially so
in the field of serious games, such as educational or training games, to gain insights into the learning
processes; or in games for health to better evaluate non-conscious effects on the player's body. We examine
how biological signals (bioelectric + eye-tracking) are being used and collected in the field of video games,
including the choice of signals, the devices used to collect them (e.g., wearables), the purposes for which they
are collected, and the results reported from their use. As a result of this systematic literature review, 81 articles
have been analyzed, finding that electrocardiograms and encephalograms are the most frequently used
signals. The main use of these bioelectrical signals is to evaluate player engagement, level of difficulty, and
stress during the gameplay. But there are also examples where signals are used to detect health problems, or
as evidence to compare educational games with other learning activities. This review informs researchers
interested in better understanding the benefits and limitations of biological signals for video games, providing
an overview of studies conducted in recent years and the associated devices described in those studies.
Limitations in this field include signal noise issues as well as the amount of time required to calibrate the
devices during experiments, adding to the complexity of user testing. It is necessary to work on tools that
facilitate experiments with large groups of users in parallel as well as to work on open software and low-cost
devices that allow the emergence of a greater number of studies in this field, given for example their potential
in the field of educational games to better understand the learning processes of users.
INDEX TERMS assessment, biosignals, evaluation, serious games, videogames

I. INTRODUCTION

The term biological signals or biosignal applies to all types
of signals produced by living beings. Biosignals can be of
different types, such as chemical or electric, and are usually
generated involuntarily and therefore outside conscious
control. Traditionally, the study of biosignals has been very
important in medicine since they allow the diagnosis of
diseases and health problems. Their use has now spread far
beyond medicine. For example, uses of bioelectrical signals
such as electroencephalography (EEG), electrodermal
activity
(EDA),
electromyography
(EMG)
and
electrocardiography (ECG) are being widely studied [1] and
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successfully applied in other fields such as neuroscience and
neuromarketing [2], [3]. The extension of the use of these
biosignals to other fields has been fostered by the emergence
of new low-cost wearable devices that have lower
requirements and are easier to use.
Biosignals have been applied to videogames, with several
distinct goals: (1) to adapt games to their players (adaptive
game) [4]; (2) to capture the emotional state of players
(affective games), providing feedback to players regarding
their state [5]; or (3) to allow players to interact with games
using these signals (brain-computer interfaces as game
controllers) [6]. Additionally, bioelectrical signal data can be
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analyzed to better understand the usage of the game, its nonconscious effects on the player and the extent to which
players are engaged while playing. Thus, we can obtain
objective feedback from users by interpreting reactions of
their bodies through the signals being generated such as heart
rate or brain activity. In turn, those bioelectrical signals can
be used as evidence to improve user evaluation, making
evaluations more objective and systematic while avoiding
possible biases related to experimental approaches, such as
those encountered when asking users to self-report
engagement or emotional states.
Use of bioelectrical signals for evaluation purposes can
be especially interesting in the field of serious games. The
term serious game defines those games whose main purpose
goes beyond entertainment [7]. Serious games have been
used effectively in very diverse fields such as medicine,
advertising, defense, education, or research for different
purposes like training, learning or increasing user awareness
on specific topics [8]–[12]. Traditionally, serious games
have been formally evaluated using self-assessment
questionnaires that attempt to measure the judgements and
opinion of players, or pre-post assessment questionnaires
that evaluate characteristics such as their knowledge before
and after playing the game [13]. However, the use of learning
analytics as a way of testing the effectiveness and design of
serious games, as well as evaluating players, is now
becoming more widespread, although these techniques are
still usually combined with questionnaires [14]. Currently,
learning analytics techniques are mainly applied to
interaction data collected while the user is playing the video
game. However, the data analyzed can come from different
sources in what is called multimodal analytics, combining
different forms of data collection to obtain richer evidence
[15]. We consider that the use of bioelectrical signals can
help to make a more objective assessment, using involuntary
responses from users as evidence to complement their
perceptions as collected by self-assessed questionnaires, or
their interaction data.
This review analyzes the state of the art regarding the use
of electric biosignals applied to video games, using them for
both the validation of the effectiveness and applicability of
the video game, and the evaluation of the impact and effects
of the videogame on players. The review focuses on the use
of EEG, ECG, EDA and EMG due to the ease of finding
wearables and other commercial devices intended for
application in real non-medical settings. Although eyetracking is not a bioelectrical signal, we decided to include it
in this review since an initial exploration showed that it is a
relevant technique that is commonly used as a complement
in studies that use biosignals with games, due to the
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widespread use of user-facing cameras and, to a lesser extent,
virtual reality headsets. In this way we want to characterize
the types of game where different sensors and signals are
applied, how the corresponding experiments are carried out
with users, and finally the role and interpretation of
biosignals in each of these cases.
II. RELATED WORK

Video games are currently a very relevant field of research
due to their widespread presence in society and their
economic impact. Bioelectrical signals can be useful to better
understand the effects of video games because they can
contribute to obtain an evidence-based evaluation of the
effects of videogames on players. For instance, in the field
of serious games, biosignals may allow us to objectively
evaluate video games as educational; or as therapeutic tools
via their effects on players' health. As previously stated, we
also include eye-tracking due to its co-occurrence in the
research with bioelectrical signal use in games.
There are other reviews about biosignals and their use in
videogames. The present review is not intended to study
research in which biosignals are used as the main element of
interaction. This kind of review can be found in [16], [17],
covering the use of brain-generated signals as input
controllers (BCI), as well as the devices and software used.
[18] focuses on "Affective Gaming", and how the signals
collected by different sensors can provide information to the
player through the game and how the gaming experience can
be changed by taking into account the emotional state of the
player. [19] reviews the use of the signal generated by the
electrical activity of the skin (EDA) in different studies
applied to learning and [20] review the use of
electrocardiography (ECG) out of hospitals. Some others
reviews like [21] are focused on providing overviews of
techniques for biosignal processing. However, none of the
previous reviews provides a vision from the point of view of
video games, analyzing the possibilities of biosignals in
research on video game design, their validation, or the
evaluation of players for the specific case of serious games.
One of the reasons for lack of reviews in this area may be
that, when performing a video game validation and
evaluating players, the most widely accepted methods are the
use of external questionnaires, sometimes complemented by
player interaction data analytics [13].
III. METHODOLOGY

The main objective of this review is to explore the use of
bioelectrical signals in the field of video games to validate
their design, or to evaluate and assess player characteristics

9

while using the video game. To do so, we pose the following
research questions:
RQ0. What types of biosignals and sensors are most
commonly used in videogames?
RQ1. What variables or characteristics have been studied
with each one of the biosignals?
RQ2. In which game genres have biosignals been used to
evaluate players, or to validate the games themselves?
RQ3. How can biosensors be used to evaluate the
effectiveness of a serious game?
RQ4. How many users are involved in each study as test
subjects and what is the duration of the experiments?
In addition to answering these research questions, we
also compile additional information to enrich the study and
to better understand how games were developed or
evaluated:
• Whether Learning Analytics or the collection of
interaction data is being used to conduct the studies.
• What additional measuring instruments are used
(surveys, logs, learning analytics...).
A. SEARCH STRATEGY

We follow the guidelines of Preferred Reporting Items for
Systematic Review and Meta-analysis (PRISMA) [22]. The
search was performed querying 5 databases, including some
of the main databases for education, psychology, computer
science, health and general scientific research. The databases
were: Association for Computing Machinery (ACM),
SAGE, Science Direct (Elsevier), IEEE Xplore, and
PubMed.
The search was carried out by concatenation of three sets
of words addressing three aspects:
● Type of sensor/signal: which could be either
“biosensors”,
“biosignals”,
“EEG”,
“Electroencephalography”,
“ECG”,
“electrocardiography”, “EMG”, “electromyography”,
“EDA”, “electrodermal activity”, “GSR, “galvanic skin
response “, “SCR”, “skin conductance response” OR
“eye tracking”, “heart rate”
● Purpose: represented by the terms “validation”,
“evaluation”, “assessment”.
● Field: “game” or “videogame” since we are interested
in the use of the biosensors in the field of video games
In addition, we exclude those publications that contain
Brain-computer interfaces (BCI) in the abstract since the
study of the use of biosignals as a means of interaction with
the video game is outside the scope of this paper. The final
query was therefore:
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● (“biosensors” OR “biosignals” OR “eeg” OR “ecg” OR
“emg” OR “eda” OR “gsr” OR “scr” OR “eye tracking”
OR
“electroencephalography”
OR
“electrocardiography” OR “electromyography” OR
“electrodermal activity” OR "galvanic skin response"
OR “skin conductance response” OR “heart rate”)
AND (“evaluation” OR “validation” OR “assessment”)
AND (“game” OR “videogame”) AND NOT “bci”
AND NOT “brain-computer interfaces”.
The search query was limited to publications from January
2015 to 2021 (both included) as we wanted to focus on the
advances made in the last few years. The search was carried
out in May 2021.
B. STUDY SELECTION

The inclusion criterion has been those studies that use any of
the most common bioelectrical signals (complemented by eye
tracking) as a tool to study the effect of the game on the player
with the aim of validating the use of the video game or its
mechanics and those studies that use biosignals together with
the video game as a tool to evaluate the player.
On the other hand, we have excluded those studies that use
biosignals as main input interfaces (BCI), or with the aim of
providing feedback to the video game (biofeedback/affective
gaming), or where the video game is used just as an interactive
activity with the sole purpose of studying biosignals in a
generic way or to create, train or validate artificial intelligence
models not focused on video games.
The initial search and classification of the studies was
carried out by a single researcher who applied the inclusion
and exclusion criteria. This process was supervised by two
collaborators who contrasted independently the criteria
applied and validated whether the studies met the criteria.
After performing the queries, no further automation was
used to include or exclude publications. The review of
included studies was focused on extracting and annotating by
keywords in a table the following variables: year, goal of the
study; goal of the use of the target biosignals; the type of
videogame and game platform; devices used to collect
biosignals; methods of data collection during the study;
number of users; details of the experiment; data
anonymization; ethics; and study results highlights. In case of
doubt or lack of information on the value of any of these
variables, it was interpreted as unspecified data. In case of
discrepancy of any variable evaluated in any publication, the
document was reevaluated again until agreement was reached.
For the results, the publications were grouped by keyword in
each of the variables analyzed.
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IV. RESULTS
A. PAPERS SELECTED USING INCLUSION CRITERIA

371 papers were obtained from the search, of which 81 met
the inclusion criteria and were analyzed in depth. Figure 1
shows the process for the selecting the studies.

are also very common. These signals match some of the
terms used in for the search. The use of devices to measure
respiration, temperature, oxygen (both blood and inspired)
and saliva have also appeared to a lesser extent.

FIGURE 3. Number the studies for each kind of biosignal.

In the following subsections, we present a summary of
the use of the main signals and measurement devices,
addressing RQ1.
1) ELECTROCARDIOGRAM

FIGURE 1. Search and selection process flow diagram.

Electrocardiograms (ECG) measure different aspects such as
heart rate, pulse variability and pulse rate. This signal is used
in various studies as a proxy to determine different physical
and mental states of the player: emotional valence, mental
effort, task difficulty, frustration, immersion and physical
stress (see Table I).
TABLE I
USE OF ELECTROCARDIOGRAM
Signal objective

Studies reference

# Studies

Physical Stress /
Workload

[23]–[33]

11

Emotional Valence

[34]–[38]

5

Signal Comparison

[39]–[42]

4

Mental Effort

[43], [44]

2

The number of publications appearing in the search
according to the year of publication shows a continuous
growing trend from 2015 to 2020, more than doubling in that
period (see Figure 2).

Stress

[45], [46]

2

Arousal

[47], [48]

2

Frustration / Boredom

[49]

1

B. TYPES OF BIOSIGNALS AND THEIR USE

Game Experience

[50]

1

Immersion

[51]

1

Motion Sickness

[52]

1

Task Difficulty

[53]

1

FIGURE 2. Number of publications related to biosignals and video
games over the last 6 years. Steady growth can be observed

Addressing RQ0, the most frequent signals among studies
selected for inclusion are electrocardiograms (ECG),
followed
by
electroencephalograms
(EEG)
and
electrodermal activity (EDA) (Figure 3). The use of eye
tracking devices to measure and follow players’ gazes, and
electromyograms (EMG) to detect the activation of muscles
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Cognitive
Performance

[54]

1

2) ELECTRODERMAL ACTIVITY

Electrodermal activity (EDA) measures the variation of the
electrical characteristics of the skin caused by sweat gland
activity. This signal is used to identify different aspects about
the player such as arousal, stress, interest, cognitive
performance, anxiety, and engagement (see Table II).

attentive. It is also a frequency that the brain uses as a
reward after a job well done.
● Beta waves (12-30 Hz), appearing in states where
attention is directed to external cognitive tasks, when
attentive and involved in solving everyday tasks or
problems, also during decision making or when
concentrated.
● Gamma waves (30-90 Hz), observed in bursts when the
brain is in a state of high resolution.
TABLE III
USE OF ELECTROENCEPHALOGRAM

TABLE II
USE OF ELECTRODERMAL ACTIVITY
Signal objective

Studies reference

# Studies

Signal Comparison*

[62]–[68]

7

5

Frustration / Boredom
/ Cognitive Load

[43], [44], [69]–[72]

6

[51], [58]

2

Arousal

[73]–[76]

4

Cognitive
Performance

[54]

1

Emotional Valence

[73]–[76]

4

Anxiety

[59]

1

Attention / Meditation

[77]–[79]

3

Interest

[60]

1

Enjoyment

[76], [80]

2

Arousal

[34]–[38], [43], [44], [48], [55]

9

Game Experience

[81]

1

Stress

[45], [46], [49], [56], [57]

5

Stress

[82]

1

Immersion

[51], [58]

2

[83]

1

Cognitive
Performance

[54]

1

Cognitive
Performance

[84]

1

Anxiety

[59]

1

Difficulty in decisionmaking

Interest

[60]

1

Patterns neural
activity

[85]

1

Academic Skills

[86]

1

Activation Level

[87]

1

Immersion

[58]

1

Signal objective

Studies reference

# Studies

Arousal

[34]–[38], [43], [44], [48], [55]

9

Stress

[45], [46], [49], [56], [57]

Immersion

3) ELECTROENCEPHALOGRAM

An electroencephalogram (EEG) measures the electrical
activity of the brain. The electrical signals of the brain are
mainly used in studies to identify cognitive states in the
player such as boredom or frustration (cognitive load),
enjoyment, attention, emotional valence (positivity or
negativity of an emotion) and level of immersion of the
players (see Table III). This brain activity is measured using
different waves according to their frequency [61]:
● Delta waves (0.2-4 Hz), predominant during sleep.
● Theta waves (4-8 Hz), predominant when internal
information is being processed and the individual is
disconnected from the outside world, self-absorbed.
They are also present during deep meditation.
● Alpha waves (8-12 Hz), predominant when the Central
Nervous System is at rest, relaxed but awake and
VOLUME XX, 2017

* Signal Comparison: Comparing EEG waves between users, game
moments or questionnaire responses without attributing a specific meaning
to the signal.

4) ELECTROENCEPHALOGRAM

Electromyograms (EMG) measure the electrical activity of
muscles and nerves. Their use can greatly vary depending on
the muscles it is placed on. For example, when used on the
face, the emotional valence of the player can be checked,
whereas, when used on extremities, EMGs can measure the
level of activation of local muscles to detect damage or
determine levels of effort (see Table IV).
TABLE IV
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USE OF ELECTROMYOGRAM
Signal objective

Studies reference

# Studies

Emotional Valence

[36], [43], [44], [49]

4

Physical Stress

[88], [89]

2

Activation Level

[90], [91]

2

Button Press

[84]

1

•

•
•

5) EYE TRACKING

Tracking of the player's gaze reveals the regions of the screen
that they look at, and therefore which game elements attract
more attention; and also the extent to which the player's gaze
is stable. It allows for the evaluation of the game interface,
the time that players spend looking at each element, and can
even detect possible cognitive problems in players (see Table
V).
TABLE V
USE OF EYE TRACKING
Signal objective

Studies reference

# Studies

Gaze track

[92]–[101]

10

Gaze Stability

[102]

1

Cognitive Load

[53]

1

Cognitive
Performance

[103]

1

Arousal

[73]

1

Emotional Valence

[73]

1

Difficulty in decisionmaking

[84]

1

C. TYPE OF PUBLICATION ACCORDING TO THE
PURPOSE OF THE BIOSIGNALS

Six types of publications have been identified according to
the purpose and the analysis of the biosignals used (n=#
denotes the number of studies found):
• Studies focused on user experience, identifying
whether the player is entertained while playing and
whether the level of difficulty is appropriate for their
skills. (User Experience, n=26).
• Studies that explore the biosignals received and
compare their characteristics in different groups of
users while using video games. These publications have
more of an exploratory approach to the use of the
signals and their interpretation. Unlike the rest, they do
not seek to evaluate a characteristic of the player (e.g.,
emotional valence, arousal) or the video game
(engagement, efficacy) by means of the biosignals. And
they usually use several groups (intervention and
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•

control) to compare the characteristics of the signals
between groups (Exploratory, n=19).
Studies focused on exploring the effects of a
commercial video game and its benefits or drawbacks.
(Game Evaluation, n=13).
Studies focused on testing and verifying the effects of
a serious game on its target (Game Validation, n=10).
Studies focused on using video games as an evaluation
tool to measure a player characteristic according to
their performance and interactions with a video game.
The measured characteristic can be the severity of a
disease, an injury or the knowledge of a player (User
assessment, n=9).
Studies focused on analyzing player interactions
according to the layout of the graphical interface of the
game or the features and screen configuration used
(Game Interface, n=4).

D. SENSORS AND DEVICES

All these signals are measured by different devices. In the
publications reviewed, we found a wide variety of devices
and providers. Some of the companies are specialized in one
type of device to be sold to other companies, such as Tobii,
Polar, Emotiv and Empatica. It is also noteworthy the use of
medical machines and devices (mainly for the medical
sector) by companies such as Compumedics and Nihon
Kohden. To a lesser extent, there are studies that use and
adapt their own devices created with small sensors and lowcost solutions, examples are the devices of Bitalino and Open
BCI (Brain Computer Interface). These last two low-cost
solutions provide free software to perform visualization and
analysis of the signals, as opposed to the rest of the solutions
where software is generally private and is used by means of
a license fee. In addition, in the case of studies focused on
games where physical activity is performed, it is common to
find devices adapted to exercise and special controllers to
interact with the game, such as bicycles adapted to the
activity performed with specific sensors. Table VI
summarizes companies and devices that appear in the
reviewed studies.
TABLE VI
USE OF ELECTROCARDIOGRAM
Company

Biopac

URL
(prefix with https://)

Specific biodevices and
biosignals that appears in
reviewed studies

www.biopac.com/

BIOPAC EL507 (EDA)
Biopac MP150 + EL 500
Series (EDA, EMG,
EEG, ECG)
BN-PPGED (EDA)
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Microsoft

Tobii

Bitalino

No info

Microsoft Band 2 (ECG)

www.tobii.com/

Tobii 2.0 (Eye Tracking)
Tobii Pro 2 (Eye
Tracking)
Tobii T120" (Eye
Tracking)

bitalino.com/

No specific device
(EDA, ECG, EMG)

Merlin-Digital

merlin-digital.com/

Merlin-digital Heart Rate
Monitor PRO (ECG)

SensoMotoric
Instruments

No info

RED250 (Eye Tracking)
RED-m (Eye Tracking)

Electrical
Geodesics,
Inc.

www.egi.com/

No specific device
(EEG)

EMOTIV

www.emotiv.com/

EMOTIV EPOC-X
(EEG)

Biocom
Technologies

www.biocomtech.com/

HRM-02
(Photoplethysmography)

SensorMedics

No info

Encore229 Vmax
(Oxygen)

Polar

www.polar.com

No specific device
(ECG)

MedGraphics

medgraphics.co.uk/

No specific device
(Oxygen)

Delsys

delsys.com/

Trigno (EMG)

COSMED

www.cosmed.com/en/

K4b2 (Oxygen)

MindWare
Technologies

mindwaretech.com/

No specific device
(Oxygen)

VU-AMS

http://www.vu-ams.nl/

No specific device
(ECG, EDA)

BioSemi

www.biosemi.com/

ActiveTwo system
(EEG)

Nihon
Kohden

us.nihonkohden.com/

No specific device
(EEG)

NeuroSky

neurosky.com/

MindWave (EEG)

Muse

choosemuse.com/

Brain EE Muse
Headband (EEG)

WildDivine
(Unyte)

wilddivine.com/

No specific device
(EEG)

Advanced
Brain
monitoring

advancedbrainmonitoring.
com/

ABM X-10 (EEG)

Compumedics

compumedicsneuroscan
.com/

No specific device
(EEG)

Shimmer

www.shimmersensing.com

Shimmer3 GSR (EDA)

Siemens

www.siemenshealthineers.com/

3 T MRI scanner (MRI)

Philips

www.centralamerica
.philips.com/healthcare/
medical-specialties/
cardiology

IntelliVue MP50 (ECG)
Omron

www.professional.omronhealthcare.es/en

OMRON HEM-7113
(Blood Pressure)

Union Tool
Co.

www.uniontool.co.jp/en/

WHS-1 (ECG)

ActiGraph

actigraphcorp.com/

GTX3 (ECG)

g.tec medical
engineering

www.gtec.at/

No specific device
(ECG), (EDA)
g.USBamp (EEG)

Technonext
Co. Ltd.

No info

No specific device
(Temperature)

Croswell Co.

No info

No specific device
(ECG)

Empatica

www.empatica.com/en-eu/

E4 wristband (EDA,
ECG)

OpenBCI

openbci.com/

No specific device
(EEG)

JINS

www.jins.com/us/

JINS eyewear (Eye
Tracking)

SR Research

www.sr-research.com/

EyeLink 1000 Plus (Eye
Tracking)

ANT Neuro

www.ant-neuro.com/

No specific device
(EEG)
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E. TYPE OF VIDEOGAMES AND GENRE

Most of the studies found use already developed and
commercial off-the-self (COTS) video games. These
commercial video games can also be “Free2Play”, games
that are free to play but that may include some premium
features that require a payment. To a lesser extent, we also
found a significant number of studies that use serious games
(mostly related to the health field). Finally, there is a
minority of studies that use adaptations of other video games
(by modifying or adding new game mechanics), or that create
their own video games their research purposes
(DreamsKeeper, KittenQuest, Tilt-Ball Game). There are
also studies using free, open-source video games focused on
leisure but without a commercial approach (e.g., Open
Source Asteroids, Super Tux Kart, Wizznic). Figure 4 shows
the number of studies using games of each of these types.
Most games are played by the user on computers, mobile
devices and consoles. Some of them make use of virtual
9

reality (11). There are a few studies focused on “exergames”
that use special hardware, which can be composed for
example of special sport or bicycle tapes. Some exergames
studies also use the Kinect or the Wii Fit devices (Figure 5).

FIGURE 4. Types of games that appear in publications according to
their purpose and cost.

significant events to important peaks and patterns in the
collected biosignals.

FIGURE 6. Genre of the videogames that appears in the publications.

G. OTHER ADDITIONAL DATA RESOURCES

Addressing RQ2, among the game genres most used by
the different studies analyzed are shooters, puzzle games,
infinite runner games, action and skill games, simulation
games, and exergames. Most of the games used belong to
highly interactive game genres (blue), with very short
feedback cycles where the player must react quickly (Figure
6).

Most of the studies and experiments continue to complement
and contrast the biosignal information with user data
obtained from user questionnaires, instead of only using
information on how players played during the game (game
interaction analytics). Those questionnaires are used not only
to capture demographic or psychology data about players,
but also to perform measurements with validated and
standardized methods widely accepted in the domain.
Questionnaire data is then compared with the biosignals
obtained to help in their interpretation and in the validation
of the biosignal method. However, this fact may also be
related to the circumstance that most of the videogames used
in the experiments are COTS and they normally either do not
collect interaction analytics, or if collected, it is not available
to the researchers.
There is also a widespread use of experiment recording
(player's face and game screen) to identify and relate
significant events to important peaks and patterns in the
collected biosignals.

FIGURE 5. Number of videogames per platform.

H. SAMPLE SIZE AND EXPERIMENT TIME

F. TYPE OF VIDEOGAMES AND GENRE

Questionnaire data is then compared with the biosignals
obtained to help in their interpretation and in the validation
of the biosignal method. However, this fact may also be
related to the circumstance that most of the videogames used
in the experiments are COTS and they normally either do not
collect interaction analytics, or if collected, it is not available
to the researchers.
There is also a widespread use of experiment recording
(player's face and game screen) to identify and relate
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Due to the complexity of configuring and calibrating
biosignal measurement devices, the total experimentation
time is very long, even though the biosignal data collection
times are surprisingly short, rarely exceeding the 10-minute
mark. The use of these devices often requires data collection
both at rest (to provide a baseline) and during normal player
activity. In those studies where the playing time is longer, the
collection and analysis of the signal is performed during
short periods of time, usually before, in the middle and at the
end of the video game activity. In general, the studies give
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very few details about the volume of data captured and even
how such data is formatted or processed.
On the other hand, addressing RQ4, the number of users
who tend to participate is also lower than what is usually seen
in other video game studies. Of the 85 experiments reported
in the 81 studies, a majority (77 studies) were conducted with
fewer than 75 users, and even with less than 50 participants
(69 studies). A single study had 300 users, and only 3 in total
had over 200 users (see Figure 7).
The studies with the largest number of users are
characterized either by being conducted over long periods of
time (+6 weeks) or by having very short play times. In
general, studies with large samples collect only one biosignal
(i.e., EEG, ECG or use eye tracking).

Transform or Daubechies wavelets, and peak detection
algorithms.
Once collected and processed, data must be compared. 70 of
the analyzed studies (86.4%) use statistical analysis to
compare data collected from various sources or to compare
data at different instants in time. 12 of the studies (14.8%)
use Machine Learning as an analysis method [36], [45], [83],
[97], [50], [53], [54], [73]–[75], [80], [82]. 6 of the analyzed
studies (7.5%) simply show the distribution and values of the
collected data or relate the collected signal data to events that
occurred during the game [25], [49], [52], [57], [81], [101].

FIGURE 7. Number of users per experiment (note log scale on y-axis).

V. DISCUSSION

I. SIGNAL PROCESSING AND DATA ANALYSIS

When analyzing the signals, the studies analyzed in general
do not show details about the process performed beyond
mentioning that the signal is filtered; in many cases this is
due to the use of third-party software or the devices
themselves send numerical data with which the researchers
work, for example HR values in ECG, conductance values in
EDA or fixations number in Eye Tracker. 38 of the studies
(46.9%) mention the software used to process the signals.
Among the software used we find names such as:
AcqKnowledge 4.3 software, Brain Vision Analyzer,
BrainStream, Emotiv tm software, BCI2000, EEGLAB
toolbox, g.Recorder and EyeLink Data Viewer, SigmaPlot
Software, EMGworks, CURRY Neuroimaging Suite,
Biograph Infiniti, Automatic Artifact Removal, sLORETA,
VU-DAMS software, Xavier TechBench Software,
OpenViBE, iMotions and SMI Experiment Center. The
software used is very varied and rarely repeated. On the other
hand, only 14 studies (17.3%) mention the algorithms used
or give details of the process followed and in general not
much detail is given either. Some of the algorithms include
the Butterworth filter, Low-Filter or Chebyshev band pass
filter, various signal transformation methods such as Fourier
VOLUME XX, 2017

J. ETHICS

Due to the collection of data and signals from human
subjects, most of the studies explicitly state that they required
informed consent from players and/or previous approval
from an ethics committee. However, these studies do not
mention how they store and protect the personal and gaming
data of their participants (e.g., if personal data is stored
encrypted). That is, they do not explicitly state their
compliance with data protection regulations of different
countries (e.g., GDPR in the EU). This is an important aspect
both ethically and legally, especially in countries with more
restrictive regulations, such as members of the European
Union.

When it comes to signal collection, the number of signals and
devices is very varied. Also, different user characteristics
were measured with different techniques, using EEG, ECG,
EDA or EMG depending on the study. These signals are used
alone or combined as a proxy to assess a wide variety of
game and player characteristics across different studies. And
it is not clear from these studies which technique or biosignal
is better: for example, workload and stress on the player can
be measured by ECG and EEG. Immersion is also measured
by different studies in different ways, mainly using ECG,
EEG or EDA. Difficulty in decision making during gaming
sessions has been measured with both Eye Tracker and EEG.
Player arousal and emotional valence can be measured by
combining ECG and EDA, but also by using EEG.
This highlights the lack of standards for biosignal use as
applied to gaming. There is no widely accepted consensus on
the most effective method to measure the different
characteristics of users. There is therefore a need for more
studies comparing different biosensors and signals for player
or video game assessments. Among the studies analyzed, the
most used signals are ECG and EEG. EMG, on the other
hand, is the least used – and most of the studies that make
use of it are those that use games focused on physical
exercise (exergames).
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The use of biosignals seems to be an ideal method for
evidence-based assessment, studying how players learn,
better evaluate non-conscious effects on players, measure
user engagement and evaluate the level of difficulty of
serious games. The use of video games in combination with
biosignals has proven to be useful tools for the detection and
evaluation of diseases, as in the case of [92], where they have
been applied to players with Alzheimer's disease. Use of
biosignals is useful in the analysis of the design of any video
game since it allows to study the effect of its difficulty (or
lack of it) on the players [70], [84] and to help to understand
the way in which players make decisions during the game
session [94]. It also allows designers to better understand the
flow of the game and to study how multiplayer gameplay
affects the cognition and perception of the game itself by its
players [69]. These techniques could be applied to study
video games on negotiation skills training and collaborative
games. Biosignals also allow the study of the effect of virtual
reality on players as well as the comparison between highly
immersive and non-immersive environments [48], [83].
Moreover, biosignals are applicable in the comparison of
tasks performed during the use of a video game and those
performed in real life. Of particular interest is the difference
in attention that occurs in the user [77], which can be used to
study the advantages in the use of games as tools that go
beyond pure entertainment. It should also be noted that
biosignals can also allow the evaluation of users with
mobility problems or mental disabilities and issues as in the
case of [103] and [59] respectively. This is especially
valuable for users who, due to their characteristics, may be
difficult to evaluate in an objective way with traditional
methods such as self-reporting questionnaires.
Also, it is notable that most of the studies focus on the
use of biosignals with commercial video games and physical
activity games (exergames). Among included studies, there
is a predominance of highly interactive, action-oriented
video games (sports, exergames, shooters...); and
comparatively, only a small number of conversational video
games and graphic adventures. This could indicate that more
reflexive, lower-paced video games are more difficult to
analyze based on variations in the collected biosignals; or
that there are more effective methods based on learning
analytics and stealth assessment for these game genres.
Among studies using serious games, most of these belong
to the field of health, with a very limited representation in the
field of education. With the growth of the field of study of
serious games and the great variety available, it is surprising
that their representation in this review is so limited (23.8%).
Scarcity of such studies about educational SGs may be due
to several factors: (1) difficulty in finding volunteers from
VOLUME XX, 2017

educational institutions to conduct experiments of this type
with serious games. In some cases, studies such as [46], [53],
[58], [100] decide to provide financial compensation to
participants. However, this is not always an option. Also, in
many cases, it is necessary to work with minors, imposing
extra requirements to ensure that studies are ethically sound.
(2) The duration of the serious games, generally long and
designed to span several sessions, together with the difficulty
of biosensor usage and calibration. The use of heavy and
voluminous devices also can affect player experience by
making players feel uncomfortable over time. (3) Problems
in the detection and interpretation of learning-related signals
due to the complexity of cognitive processes. The use,
processing and study of biosignals is a complex field of
research that requires technical expertise and/or licensing
fees for specialized software in addition to the sensors. This
can complicate the use of the devices in other research fields
such as education if cooperation between research groups
and companies does not take place. (4) Finally, the high price
of these devices should not be underestimated, although
there are low-cost sensor companies that, together with
machine learning techniques for the generalization of
analysis and interpretation of results, can facilitate their
application [73]. Furthermore, there does not seem to be a
standard in the data format of the signals sent by the different
devices of the different companies. This hinders the
interoperability and systematization of platforms dedicated
to signal analysis in a way that can be compatible with
different sensors without prior data processing.
Conducting experiments deploying games with actual
users in real domains has always been difficult, but this
difficulty is increased by the complexity of biodevices and
those related to handling the collected data. Biodevices
frequently require calibration, and presence of noise and
interference in signals is common, resulting in samples being
invalidated. Biosignals are still very complex to apply in
large deployments; indeed, half of the studies in this review
were conducted with less than 30 users. Although it is not
always explicitly stated, from descriptions of experimental
settings we infer that the number of users from whom parallel
samples were collected is most often around 6 or less
participants. This means that experiments are often extended
for weeks in order to collect larger sample sizes. In addition,
highly-controlled rooms and environments are used.
Additionally, even when studies address the ethical issues
that may arise when conducting experiments on humans and
collecting their data, the correct treatment of that data is still
an issue long after it is collected. Studies should describe
how user data was stored and secured, and the measures
taken to ensure the ethical exploitation of that data.
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A. FUTURE WORK

Although there are still limitations in the application of
biosignals in combination with video games in realistic
scenarios and in with large numbers of users, we believe that
their use will be increasingly common in studies of video
games where users are to be evaluated. This is especially
important serious games, both to evaluate users and to
validate the video games themselves. Future growth will be
motivated by the growing interest of companies in the usage
of Virtual Reality systems, haptic systems and brain
computer interfaces for both recreation and serious purposes;
and in the creation of game-based metaverses. We think that
this trend will result in the creation of more affordable and
reliable biosensor devices for the massive gaming market. It
would also be desirable to have more open software
environments such as OpenBCI, which can simplify the
analysis of biosignals while reducing dependence on
hardware vendors, thus allowing a more widespread and
cost-effective analysis of biosignals.
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B. LIMITATIONS

The current review has several limitations. First, as all
systematic reviews, it is limited by the search terms used, the
databases included, and the temporal window during which
the actual searches for papers were carried out. The search
was mainly limited to the use of EDA, ECG, Eye Tracking,
EEG and EMG signals, since we consider that these signals,
due to their characteristics and the devices with which they
are collected, are the most applicable to video games.
However, these are not the only signals that can be applied,
and in fact studies have appeared in which other signals have
been used (e.g., blood oxygen or saliva). However, as of this
writing, these alternate signals are considerably less popular
than those examined in this review.
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