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“Livin’ just to keep goin’
Goin’ just to be sane

All the while not knowin’
Such a shame”
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Preface

Dear reader,
I can’t imagine the stress you are going through, wondering whether you are mentioned

in this section. Well, now that I think of it, I actually can imagine. You see, I have spent the
last four and a half years studying these little stressful moments. I also know that this part of
the thesis is probably one of the few you will read carefully, so let’s dive straight into it:

Thank you Sander for e-mailingme back in 2017; I would have never even thought about
a PhD if you weren’t there at the right moment. And of course thank you for guiding me
through it! Thank you Pieter for treating memore as a colleague rather than a pupil of yours,
I’ve learnt so much from you! I loved working with both of you and hope to keep doing so
for many more years.

Thank you to allmy collaborators in theData2Game project: Judith van Stegeren,Mariët
Theune,ThomasdeGroot,RafalHrynkiewicz, JohandeHeer, PaulPorskamp,TijeOortwijn,
Ymko Attema, Jaqueline ten Voorde. Our collaboration was as smooth as it could be, thank
you all for your contributions towards the project. We definitely did a great job, and I wish
you all the best for the future! Also big thanks to the NWO for funding our project. Jo-
hannes Steinrücke, you made my early days in Twente much more tolerable. Special thank
you for planning and running the data collection in 2018; I owe you one for that. Michel-
Pierre Jansen, even though you are not part of the project (haha, thanks tome), thank you for
givingme that ever-motivating speechwhenwe firstmet: “I don’t understand how they chose
you overme for this position”. Your kindwords have been a source of inspiration throughout
my PhD journey. Soon, we will call each other “Doctor”.

To my colleagues in Tilburg university: Lisa Rombout and Maryam Alimardani, thank
you for involving me in one of your projects. Gianluca Guglielmo, Michal Klincewicz and
Boris Čule, I am really looking forward to running the studies we are planning. Thanks to
theOGPhD committeemembers, Chris Emmery, LiekeGelderloos andGeorge Aalbers; our
Friday meetings were one of the few fun things to look forward to during lockdown. Thank
you toMarie Postma for giving me the opportunity and trusting me to teach courses.

Special thanks toAntonios Liapis, DavidMelhart andGeorgios Yannakakis from theUni-
versity ofMalta. Unfortunately I never got the chance to visit you; regardless, I have learnt so
much from you in such a short time.

To my collaborators in Thessaloniki: Theodoros Loizidis, Thomas Nikodelis and Vasilis
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Mylonas; I am very excited to see where our collaboration gets us.
Big thank you to Mehmet Kösa, not just for the work we did together, but mostly the

friendship; I hope the future brings us closer (geographically) so we can enjoy each other’s
company as we used to.

Last but not least, endless love to mom and dad for teaching me and my sister to work
hard, but not too hard; I’m so glad we still enjoy all of the little things andmoments together!

Thank you to allmy friends, family and co-workers who toleratemy sense of humour. It’s
my way of saying “I love you”.
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As early as 400 BC, Plato theorised on various aspects of the human psyche; among his
discussed topics were human affect, agency and rationality. He explored the origins of hu-
mans’ emotional responses and attempted to link them to desire and reasoning (Calian, 2012;
Hommel, 2019). Leading up to the modern days, the study of human affect and emotion
through computerised interfaces is an active research domain and has its roots deep in the
field of psychology.

The digitalisation of modern society has given birth to a new field of research, called affc-
tive computing. According to Picard, affective computing is computing that relates to, arises
from, or influences emotions (Picard, 2000). Fundamentally, affective computing applica-
tions are divided into three categories: (1) applications that detect users’ emotions, (2) appli-
cations that express human emotions (e.g. through avatars), and (3) applications that “feel”
emotions (Picard, 2000). In this thesis, we implement affective computing systems that aim
to detect and predict users’ emotions; thus, we position our work under the first of the listed
categories.

Affective computing has benefited particularly from the emergence of peripheral devices,
such as webcams, pressure-sensitive computer keyboards and mice, and wearable physiologi-
cal sensors. Through such equipment, both consumers and researchers have gained access to
previously unexplored, yet ubiquitous data of human physiological and affective states. For
example, the Shimmer3 GSR+ wearable physiological sensors allow real-time collection and
analysis of various biological signals, such as heart rate and electrodermal activity (Burns et al.,
2010) (see Figure 1.1). These types of data have been employed in the development of algo-
rithms and models which aim at interpreting and even predicting human behaviour (Weiss,
Timko, Gallagher, Yoneda, & Schreiber, 2016). Similarly, throughout this thesis we leverage
various peripheral sensors to monitor, interpret, and predict user affective behaviour.

In order to examine user affective behaviour, not only do researchers need to select the ap-
propriate monitoring devices, but also employ media through which specific affective states
can be elicited. The latter can be achieved through video games, which emerged in the late
1960’s and have since developed into one of the most prominent interactive entertainment
media (Granic, Lobel,&Engels, 2014). Video games provide an excellent platform to research
human behaviour, and player affective states in particular (Shinkle, 2008). Designed to im-
merse players in gamified environments, video games are known to trigger various emotions,
from happiness and surprise (Mourão &Magalhães, 2013) to compound feelings such as en-
gagement (Ravaja, Saari, Salminen, Laarni, & Kallinen, 2006) and nostalgia (Elson, Breuer,
Ivory, &Quandt, 2014). Moreover, the application of game design elements and principles in
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Figure 1.1: The Shimmer3 GSR+ wearable device, equipped with a Galvanic Skin Response (GSR) and
Photoplethysmograph (PPG) sensor.

non-game processes (also known as “gamification”) has led to the development of newmedia
for education, rehabilitation andprofessional training (Djaouti, Alvarez, Jessel,&Rampnoux,
2011), sometimes called “applied” games. When combined with player affect input from var-
ious channels (modalities), applied games can be tailored to the individual player to provide
unique gameplay experiences.

This thesis presents a study on the development and employment of models of player af-
fect in both applied and entertainment games. Our models are based on multi-modal data
collected through various affective input channels, including player facial expressions, physio-
logical responses, in-game behaviour and player self-reports. Our goal is to implementmodels
that interpret player affective states, and translate these interpretations into real-time game
adaptations in order fulfil the games’ purposes, whether they concern the effectiveness of
game-based training or player engagement.

In the rest of this chapter, we will discuss themain principles of modelling player affect in
both applied and entertainment video games. We will present this thesis’ problem statement
and divide it into four research questions. Lastly, we give a brief introduction to the research
methods used in this thesis and outline its structure. Table 1.1 provides definitions for the
terminology that is used in the entirety of this thesis.

1.1 Inferring player affect in games

Recognising and interpreting player affective states during game sessions can be a useful tool
towards providing an enjoyable experience and fulfilling the game’s goals. Oftentimes, play-
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Term Working definition

Player emotions When referring to player emotions, we refer to any state of mind
that can be considered an emotional response towards the game
that is considered (e.g. happiness, frustration, tension).

Player affect/affective
state

By player affect (often coined “affective state”) we refer to ev-
ery manifestation of players’ emotions that can be observed by
non-invasive means (e.g. facial expressions, sweating, head move-
ments).

Player affective
behaviour

By player affective behaviour we refer to behavioural responses
that derive fromplayer’s emotions (e.g. increased heart rate or dif-
ferent in-game decisionmaking, due to artificially induced stress).

Player stress We recognise that “stress” is a rather broad term, that encapsu-
lates numerous facets of human affect. In this thesis, we use the
term “stress” to describe the mental tension players experience
when given the responsibility to take complex, high-stake deci-
sions under pressure. We assume that the aforementioned state
may manifest and be observable through multiple affective in-
put channels, such as player physiology, facial expressions and in-
game behaviour.

Player stress response By player stress response, we refer to player affective or in-game
behaviour that is observed during tasks which involve aftificial or
game-related stress induction.

Game personalisation As game personalisation we define any adaptations in the game
considered, which derive from player-generated data, be it affec-
tive, physical or in-game related.

Table 1.1: Working defini on of terminology for the en rety of this thesis.

ers’ in-game playstyle, progress and mechanical skills can be valid indicators of their affective
states. As an example of how a game can use an interpretation of affective states, Left4Dead’s
“Director” is an AI agent that controls the game’s dramatics, pacing and difficulty based on
players’ status, performance and behaviour within the game (Kitson, 2009).

During game sessions, there existmultiple channels throughwhich information on player
affect can be extracted. Throughout this thesis, we present various modalities that serve this
purpose, all of which were assumed to be unobtrusive and non-invasive. The above two terms
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apply as fundamental requirements whenever we engage in player affect data collection. As
unobtrusive, wedefinemodalitieswhichdonot cause disruptions in gameplay duringdata col-
lection. An example unobtrusive affective data modality is heart rate monitoring, which can
be run through wearable physiological sensors, independent of gameplay. Recent unobtru-
sive heart rate monitoring methods include customised computer peripherals (Beiderman et
al., 2012; Belk et al., 2016) and webcam-based heartbeat detection (Gudi, Bittner, Lochmans,
& van Gemert, 2019). Furthermore, as non-invasive we define modalities which yield infor-
mation on player affect externally (with respect to players’ body). For example, we consider
electrodermal activity a non-invasive indicator of player stress, which could also be measured
by invasive means, for example salivary cortisol level measurement.

In themajority of our studies, we employ amulti-modal approachwhen developingmod-
els of player affect. Multi-modality has been applied to increase models’ robustness in rele-
vant studies (Holmgård, Yannakakis, Martínez, Karstoft, & Andersen, 2015; Patwardhan &
Knapp, 2016). Different modalities can provide different angles on the cause, or even the
effect of changes in player affective states within the context of games. Given that human
emotional behaviour analysis is a multi-layered complex procedure, we believe that a multi-
modal approach is to be preferred.

1.2 Player affect modelling in applied games

Applied games (also known as serious games) are games that serve goals beyond player enter-
tainment. They are employed in numerous domains, including education, politics, rehabilita-
tion and professional training. Non-digital applied games were used for such purposes since
the 1950’s, while digital versions of such games have been used since the early 2000’s (Djaouti
et al., 2011).

Applied games, in most cases, serve different goals than entertainment games. Therefore,
it is expected that their effect on player affective statesmay differ as well. Whilemost entertain-
ment games aim towards maximising player engagement during gameplay, applied games do
not necessarily cater for that; instead, applied games are used for educational or training pur-
poses, or seek to address conditions such as phobias, neurological disorders or chronic pain
(Wattanasoontorn, Boada, García, & Sbert, 2013). As such, when applied games are consid-
ered, the main focus of player affect modelling may shift from player engagement or immer-
sion to player stress monitoring or learning assessment. To that end, the preferred modalities
of player affect data collection may also differ between entertainment and applied games.
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Furthermore, a key factor in the development, applicability and effectiveness of applied
games is player feedback. Feedback is a way to examine whether the game’s goals are being ful-
filled, and to assess the players’ performance with respect to these goals. Player feedback can
be obtained explicitly, through interviews, questionnaires and consulting of players through-
out the life cycle of an applied game, or implicitly, through game-generated data or external
sensors.

In this thesis, we discuss among others a particular type of applied games, namely games
for crisis management training. As a profession, crisis management is a highly stressful task;
crisis responders are required to make high-stake decisions under high pressure conditions.
For that reason, one of the main goals of our studies regarding crisis management training
games is eliciting real-life levels of stress in players during gameplay. To that end, we select
heart rate, electrodermal activity, and player self-reports as candidate modalities for monitor-
ing and implementing models of player stress responses. Our goal is to study whether height-
ened levels of stress have a significant impact on playstyle and player decision making, and
whether player stress responses can be accurately identified through multi-modal models of
player affect.

1.3 Player affect modelling in entertainment games

Entertainment video games occupy the vast majority of the video game market. They are
divided in numerous genres, such as platform games, racing games and first person shooter
games. Oftentimes, entertainment games are typically designed to bring enjoyment to the
player through the fulfilment of certain psychological needs, including autonomy, compe-
tence and relatedness (Ryan, Rigby, & Przybylski, 2006a). Games are capable of creating a
fictitious world and story for players to experience, while enabling interaction between the
player and the game; this defines video games as a unique form of entertainment (Tekofsky,
2017).

Modelling player affect within the context of entertainment games is a challenging task,
given the diversity that exists among players in terms of emotional expressiveness, gender, age,
in-game capabilities and perception of the game’s elements. Moreover, there are numerous
ways inwhich a video game can be entertaining; for example, games likeGettingOver It explic-
itly aim towards frustrating the player to the point of desperation, although still providing an
addictive and enjoyable experience (BEIL, 2019). Thus, the first two steps towards accurately
modelling player affect in any entertainment game is defining (1) which affective responses
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are likely to be elicited by the game and (2) which affective channels these responses will be
manifested through.

In this thesis, we employ various entertainment games: A single player platform game,
a one-versus-one digital card game and a competitive multi-player online game. At first, we
examine player stress responses duringmulti-player competitive gameplay through physiolog-
ical wearable sensors (Chapter 6). In Chapters 7 and 8, we shift from player stress response
modelling to player facial expression analysis in single-player games. We build predictivemod-
els of both player engagement and tension, based on information extracted solely from the
players’ faces, be it facial expressions or eye gaze and head pose movement.

1.4 Problem statement

Player modelling incorporates the collection, processing and analysis of player-generated data
with the aim of understanding, interpreting and predicting player behaviour (Yannakakis,
Spronck, Loiacono, & André, 2013). In this thesis, modelling of player affect in video games
and providing personalised game experiences are the core discussion topics. We collect player
affect data through multiple input channels, which are used to implement predictive models.
Our models aim detecting patterns in player in-game and out-of-game behaviour which are
connected to a specific affective state. Below, we define this thesis’ problem statement, and
divide it into specific research questions:

Problem statement: How can we model player affective states through video games?
In this thesis, we extract player affect data during gameplay through multiple modalities,

such as physiological wearable sensors, facial recordings and player self-reports. We apply sta-
tistical andmachine learning algorithms on the collected datasets in order to create predictive
models of player affect. Our models will be evaluated based on accuracy, robustness to hu-
mans’ natural variability of emotional behaviour, and generalisability of the acquired results.
The main motivation behind implementing models of player affect is providing personalised
game spaces, tailored to the individual player. In the case of games for crisismanagement train-
ing, ourmodels can be employed to assess how and towhat extent trainees respond to specific
stressors and how their decision making is affected. Ultimately, the aim is to steer training to-
wards consistent decision making under high-pressure conditions; a soft skill necessary for ef-
fective crisis management. Similarly, in the case of competitive video games, models of player
stress (see Chapter 6) or tension (see Chapter 8) can be used to detect and interpret drops in
player performance or extract hidden in-game information from the opponent players, respec-
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tively. Lastly, in the case of entertainment games, personalisation aims at maximising player
engagement; by tailoring a game to each individual player’s affective input, we can provide
unique game spaces that effectively balance between the game’s difficulty level and enjoyable-
ness.

Research Question 1: How can we model player affective states in applied games?
In Chapters 3 and 4, we present studies where we explore players’ affective responses dur-

ing crisis management training games. Through the employment of various stress induction
mechanisms, we observe how different levels of artificially induced stress affects players’ in-
game and affective behaviour. The ability to recognise and classify players’ behaviour with
respect to the level of artificially induced stress, is a measure of accuracy for the underlying
player models.

Research Question 2: How can we employ models of player affective states to provide per-
sonalised applied game experiences?

As an extension to research question 1, we expand our research from accuratelymodelling
player affect in applied games to proposing practical applications to leverage the models im-
plemented. In Chapters 5 and 2, we present two applications specifically designed to enable
real-time crisis management training game personalisation. Through personalised crisis man-
agement training games, our aim is to tailor the training scenarios to the individual trainee,
and thus maximise the effectiveness of each training session.

Research Question 3: How can we model player affective states in entertainment games?
In the domain of entertainment games, our focus includes not only physiological stress re-

sponses, but also extends to player facial expressions. Chapter 6 presents a player stress-related
dataset in an online, competitive entertainment game. Chapters 7 and 8 discuss modelling of
player emotions, as measured through their facial expressions.

Research Question 4: How can we employ models of player affective states to provide per-
sonalised entertainment game experiences?

In chapter 7, not only do we implement models of player affect, but we also employ these
models to generate real-time game adaptations in order to maximise player engagement. We
use players’ preferences for either a dynamic or a static version of the same game to measure
the model’s and the personalisation algorithm’s accuracy.
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1.5 Methodology

The studies that this thesis consists of aremainly focused on two central concepts: playermod-
elling and game personalisation. These two procedures are closely related and dependent on
each other, sincewe consider an accurate estimation of player affective state as a prerequisite to
effective game personalisation. Throughout this thesis, any data that was used to implement
player models or perform and assess in-game adaptations, was collected through user studies
in controlled experimental conditions.

Player models can be implemented in numerous ways. In this thesis we adhere to two
methods: statistical analysis and predictive machine learning. Statistical analysis is employed
whenever we explore whether different experimental conditions have a significant impact on
a player’s in-game and affective behaviour. In this regard, statistical significance indicates that
under certain experimental circumstances, the majority of players are expected to show dis-
tinct behaviour. Furthermore, predictivemachine learning is used in twoways: 1) tomeasure
the accuracy of a model of player affect that derives from a single or frommultiple modalities,
and 2) to propose adjustments for specific in-game variables, based on previously observed
player affective behaviour.

Regarding game personalisation, this thesis incorporates three different methods. The
firstmethod concerns heuristic processes, where observations of player affect are fed tomathe-
matical functions to produce dynamic game difficulty adaptations. The second method con-
cerns predictive machine learning, where a player model is trained through observations of
player affect and manual player feedback. The provided player feedback is subsequently used
as a target variable for themodel when unknown affective data is collected, and the prediction
is used as a basis for in-game adaptations. The lastmethod concerns game personalisation per-
formedmanually by an external observer, who is remotely connected to the player’s game and
monitors the player’s in-game and affective behaviour. The former two methods are used in
Chapter 7, while the latter is employed in Chapter 5.

1.6 Thesis structure

This thesis is divided in two parts, the first part (Chapters 2, 3, 4 & 5) focusing on applied
video games, while the second part’s focus (Chapters 6, 7 & 8) is shifted towards entertain-
ment video games. It is structured as follows: Chapter 2 proposes a framework for multi-
modal player stress modelling through crisis management training games and presents a con-
cept application for personalised, single player crisis management training on a tablet device.
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Table 1.2: Overview of the affec ve states and modali es discussed in each Chapter.

Chapter Affective state studied Modalities employed

2 Stress
Physiological sensors

In-game data
Self-reports

3 Stress
Physiological sensors

In-game data
Self-reports

4 Stress
Physiological sensors

In-game data
Self-reports

5 Stress Physiological sensors
In-game data

6 Stress Physiological sensors
Keyboard and mouse

7 Engagement Facial expressions
Head pose & gaze

8 Tension Facial expressions
Head pose & gaze

Chapters 3 and 4 discussmulti-modal stress responsemodelling through a crisis management
game. In particular, while the two Chapters are similar in terms of methodology, Chapter 3
discusses the effects of time pressure whereas Chapter 4 discusses the effects of information
complexity onto player stress responses, within a crisismanagement game. Chapter 5 presents
a platformwhich enables crisis management training personalisation, through real-timemon-
itoring of player physiological and in-game behaviour, while at the same time provides the
possibility of crisis scenario personalisation.

Chapter 6 is the first chapter of this thesis’s second part, where player stress responsemod-
elling is discussed in the context of a competitive online entertainment game. In Chapters 7
and 8, the focus shifts from stress response modelling to player facial expression analysis. In
particular, Chapter 7 discusses real-time modelling of player engagement and presents meth-
ods for dynamic difficulty adjustment in a single player platformgame, whileChapter 8 specif-
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Chapter
2 3 4 5 6 7 8 9

RQ

RQ1 ✓ ✓ ✓ ✓
RQ2 ✓ ✓ ✓
RQ3 ✓ ✓ ✓ ✓
RQ4 ✓ ✓

Table 1.3: Structure of this thesis. This table indicates which chapters answer which research ques-
ons.

ically focuses on modelling in-game tension in a competitive two-player digital card game.
Table 1.2 presents an overview of the various affective states studied and modalities em-

ployed in this dissertation. Table 1.3 illustrates the chapters in which readers can find answers
to this dissertation’s research questions.

1.7 Ethics

The studies conducted and presented in this thesis are under the approval of the Research
Ethics Committee of Tilburg School of Humanities andDigital Sciences, identification code
REC#2018/4.
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2
Personalized Crisis Management Training

on a Tablet

ThisChapter addressesResearchQuestions 1 and 2: How canwemodel player affective states
in applied games? How can we employ models of player affective states to provide personalised
applied game experiences?
Based on: Paris Mavromoustakos-Blom, Sander Bakkes, and Pieter Spronck. 2018. Personal-
ized crisis management training on a tablet. In Proceedings of the 13th International Confer-
ence on the Foundations of Digital Games (FDG ’18). Association for Computing Machinery,
New York, NY, USA, Article 33, 1–10. DOI: https://doi.org/10.1145/3235765.3235771
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In this Chapter, we propose a framework for personalised crisis management training via
the use of an applied game. The framework particularly focuses on a) non-invasive and unob-
trusive assessment and manipulation of player stress levels during training, and b) evaluating
player performance by providing personalised feedback. To achieve these goals, the frame-
work leverages techniques for multi-modal player modelling through physiological sensors,
in-game events and self-report data. Specifically, the present concept study (1) discusses de-
sign decisions for the personalised crisis management training framework, and (2) presents
the game prototype design.

2.1 Introduction

Game-based training (Kapp, 2012) is a field that over the years has grown in impact and public
adoption. Particularly for the domain of safety administration (Bacon,MacKinnon, Cesta,&
Cortellessa, 2013), there are clear benefits for being able to train in controlled environments
(Raybourn,Deagle,Mendini,&Heneghan, 2005; TeBrake, deGreef, Lindenberg, Rypkema,
& Smets, 2006; Mackinnon, Bacon, Cortellessa, & Cesta, 2013). Moreover, personalisation
of the trainingprocess canbe expected to further enhance the efficacyof thepresented training
(Mackinnon et al., 2013).

However, traditional crisis management training methods often do not succeed in induc-
ing high levels of stress, as may be expected in real-life crises. We assume that there exists
an optimal stress level which resembles the high pressure state of a real-life crisis. The ben-
efit of implementing a high-stress training environment is that crisis management trainees
will familiarise with this condition and maintain consistency in their decision making under
such circumstances. Furthermore, training sessions revolve around simulating a real-life crisis
situation and are mostly focused on team-level communication, collaboration and problem
solving. Thus, performance evaluation is also provided at team-level, while trainees receive
limited feedback on the development of their individual decision making skills and personal
performance.

Our proposed crisis management training framework aims at addressing the aforemen-
tioned issues. We designed a crisis management training game which allows trainees to in-
dividually train on the efficiency of their decision making under severe time constraints and
high stress. Real-life crisis situations (such as accidents and natural disasters) are simulated as
in-game scenarios. In order to obtain an estimate of player affective states, we enable player
modelling through physiological measurements, in-game data and self-reports. Furthermore,
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our game’s components are designed to be adaptable, so that adjustments made during game
play may influence player stress levels, and provide individual-level feedback. The framework
proposed in thisChapter is aimed at a fully automated, single-user, personalised crisismanage-
ment game designed for a tablet device. The game is proposed as a supplement to the existing
crisis management training scheme, to which it contributes through personalised feedback,
dynamic content adaptation and individual performance monitoring.

2.2 RelatedWork

In order to provide each member of the crisis management staff with an effective training
tool, tailored to their behavioural competencies, game personalisation methods need to be
employed. A personalised game is a game that utilises player models for the purpose of tailor-
ing the game experience to the individual player (Bakkes, Tan, & Pisan, 2012).

Game personalisation has been achieved in multiple ways, such as personalised content
generation (Togelius, De Nardi, & Lucas, 2007), and narrative adaptation (Riedl, Saretto,
& Young, 2003; Mateas & Stern, 2005; Tanenbaum & Tomizu, 2008). We refer readers to
Bakkes et. al. (Bakkes et al., 2012) for an extensive literature study on personalised gaming.

Through game personalisation, we aim to dynamically adapt training scenarios in order
to influence player affective states. Since our proposed game is mostly text-based, game per-
sonalisation will rely on adaptation of game text. While this may be interpreted as narrative
adaptation, the game engine will be modelling player affective states, and adjusting the game-
induced stress level based on the underlying player model.

Narrative adaptation enables players to make decisions that directly affect the direction
and/or outcome of the narrative experience being delivered by the computer system (Riedl
& Stern, 2006). A study on narrative adaptation has been presented by Riedl et al. (Riedl
et al., 2003), where the in-game narrative is revised according to user actions, in order to ac-
comodate player expectations. Hulpus et al. (2010) have presented an adaptive competency
development system through serious games. They propose that a series of adaptable narra-
tives can be tailored to the player on-the-fly, so that their current competency profile matches
the pre-defined target competency profile. In our concept, narrative adaptation is enabled
through adaptable scenarios, decisions and NPC related texts. We aim to minimise scenario
linearity, e.g., generate narratives during game play based on previous player decisions, instead
of pre-defining scenario components.

Game-based simulation applications have been employed in order to assist crisis manage-
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ment training (Te Brake et al., 2006; Stolk, Alexandrian, Gros, & Paggio, 2001). Garcia et
al. (2015) conducted a study on “Cascading Effects Scenarios”, where in-game “incidents”
follow a probablistic transition matrix; the probability of an in-game event’s appearance is
based on previously triggered events. This approach implies that crisis scenarios are generated
during actual game play. Similarly, in our research, we aim to dynamically adapt the training
scenarios’ texts based on previous player decisions.

Since the 9-11 and Katrina disasters, adaptive and complex crisis management training
systems have been proposed as an improvement over traditional crisis management training
practices. The latter have been regarded less reliable in situations of high ambiguity and un-
certainty or loss of control (Bolton& Stolcis, 2008). According to Bolton and Stolcis, (2008),
modern crisismanagement training systems need to cater to the non-linearity, chaotic and ran-
domnature anduncertainty of recentmajor crises. As an example, Friedmannova et al. (2006)
have presented an adaptive cartographic system which aims at decreasing the time needed for
decision making when multiple users from various institutions are involved.

The recentCOVID-19 pandemic has put governments’ decisionmaking adaptability and
agility to the test. While speed of decision making and proper situation analysis are crucial,
they have been proven to be contradicting at times (2020). Such large-scale crises where in-
formation is very limited and highly uncertain, pinpoint the necessity of both rapid decision
making and thorough analysis of the information (2020). In order to achieve that goal, mod-
ern training tools need to be developed to facilitate adaptable crisismanagement training. The
concept that we present in this chapter is a first step in this direction.

2.3 Design Goals

Ourdesign followsbasic concepts of crisismanagement theory. Throughgameplay,we expect
professional crisis management staff to improve their level of preparedness regarding real-life
crisis situations. For an extensive overview of crisis management theory, we refer readers to
Pearson & Clair (1998).

Our personalised crisis management training game is built following high-level design
goals, defined collaboratively by researchers and crisis response professionals of Veiligheidsre-
gio Twente (VRT). These design goals concern not only the scientific aspects of this project,
but also the requirements and preferences of the crisis management administration.

The VRT has specified their preferences regarding the proposed training game, during
interviews with the authors. Since their staff will be actively participating in the testing and
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evaluation process of game prototypes, they have investigated which game design concepts fit
their current training scheme best.

2.3.1 Existing situation

In currently employed crisis management training sessions, the crisis team is alerted and gath-
ered in an office location to collaboratively solve a realistic representation of a crisis step-by-
step. Their goal is to effectively communicate with the on-site team (located near the incident
site) and bring the crisis situation under control rapidly and efficiently. At the end of each
training session, feedback is provided, discussing team-level performance and evaluating key
aspects of training, including effective communication and collaboration between teammem-
bers.

Goal 1: Crisis management training on a tablet

Training experts of the VRT crisis team have indicated a preference towards a mobile-based
training game, since every trainee of theVRTcrisis team is equippedwith anApple iPad tablet.

Tablets have been indicated as the preferred device for emergency responders (Andresen&
Nilsson, 2014). Since our proposed game will be supplementary to the already existing train-
ing scheme, a mobile game will give trainees the ability to train outside the regular training
schedule, even within their home environment.

Furthermore, the use of a mobile game will enable the VRT to shift their training focus
from the team as a unit towards individual trainees. While training methods are aiming to
improve teamwork and collaborative decisionmaking, individual staff training is necessary, in
order to monitor and evaluate each trainee’s performance and decision making efficiency.

Goal 2: Multi-modal Player modelling

In interviews with the VRT training experts, it has been discussed that player stress levels
should be measured and influenced through the proposed crisis management game. Fur-
thermore, relevant studies have argued in favour of multi-modal stress modelling (Carneiro,
Castillo, Novais, Fernández-Caballero, & Neves, 2012; Holmgård et al., 2015). To that end,
we have decided upon utilising physiological sensors, to monitor player affective state and
build a player model based on their measurements. However, training should also be person-
alised in cases where sensor data is not available. To achieve this, we will extract data from the
following modalities:
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• Physiological Signals

Physiological signals provide an objective description of player affective state. Physi-
ological sensors are able to stream such signals in real time, providing a plethora of
measurements able to model player affect.

• In-game events

In-game events are necessary features when analysis of player decisionmaking is consid-
ered. Furthermore, player interactionmetrics (e.g. decisionmaking speed) can be used
to model player behaviour.

• Self-reporting

We opted to incorporate self-reporting as a subjective means of measuring player affect.
In addition, self-reporting will enable player affect modelling when physiological data
is not available.

Goal 3: Personalised crisis management training

Two ways in which training sessions should be personalised have been defined, after consult-
ing VRT training experts: (1) training scenarios should be non-linear, meaning that their out-
come should not be pre-defined but adapted to the individual trainee, and (2) feedback on
player performance should be personalised. As relevant studies have shown, crisis manage-
ment training can be personalised on those two levels, based on an underlying player model
(Garcia-Aristizabal et al., 2015; Bacon, MacKinnon, & Kananda, 2017).

The goal of training personalisation is to improve its efficacy by adjusting the procedure
to the individual trainee’s needs. Through training personalisation, scenarios may be dynam-
ically adapted to improve specific player behavioural competencies. Furthermore, game per-
sonalisation allows the generation of individual-level feedback. In our framework, game per-
sonalisation is performed in two distinct manners:

1. Online game adaptation

All VRT trainees are required to practice the same crisis scenarios. However, in a per-
sonalised training environment, the scenario progress and final outcome are derived
from the individual player’s affective state model and strategic decisions. In order to
achieve training personalisation, the game engine should enable online adaptation of
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the currently played scenario. We define online training adaptation as the real-time ad-
justment of training scenario components during a training session. We acknowledge
that a game may be adapted in an offline manner too, e.g., by automatically selecting
training scenarios based on the trainees’ performance in previously completed training
sessions. However, in this concept design we have chosen to focus on online adapta-
tion, which enables us to directly influence the users’ affective state during training.

2. Personalised feedback

Since player performance is assessed on an individual level, our concept’s design in-
cludes the ability to provide personalised feedback. After each scenario has been solved,
trainees receive an overview of their in-game performance, discussing their decision
making efficiency. For the feedback cycle to be constructive and accurate, historical
data of previous training sessions should be considered.

Figure 2.1 presents an outline of the game personalisation concept. During game play,
physiological sensor, in-game event and self report data are used as input, based on which
a player model is built. According to the player model, game components are adjusted in
order to create personalised training scenarios and provide personalised feedback on training
performance.

2.4 Conceptual framework

In this section, we present the main features of our personalised crisis management game. We
describe a crisis management training game, designed to run on a mobile device, capable of
providing adequate data for player behaviour modelling and dynamic crisis scenario adapta-
tion.

2.4.1 Crisis scenario game play

The main component of our proposed game are crisis scenarios. They describe real-life cri-
sis situations, which need to be handled rapidly and efficiently. Scenarios are solved by tak-
ing multiple dilemmas, that represent smaller sub-problems which the player needs to decide
on. Dilemmas are presented sequentially, and are (optionally) accompanied by expert advice,
through NPCs. After taking all dilemmas, players are prompted to a feedback screen, evalu-
ating their decision making.
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Figure 2.1: Concept of Game Personalisa on, for the crea on of personalised training scenarios.

Figure 2.2 demonstrates the proposed training scenario game play. Derived from the es-
tablisheddesignprinciples (Section 2.3), ourproposedway to implement a crisismanagement
training environment is as follows:

1. Starting the game, players will be asked to select a scenario. Scenarios will be designed
to vary in difficulty and crisis severity level.

2. Every scenario will consist of dilemmas, which players will need to take. A dilemma
represents a single step which needs to be taken towards solving a crisis scenario.

3. While taking adilemma, playerswill be allowed to consult experts, representedbyNPCs.
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Component Type Adaptable Content

Scenario Time left to complete
Dilemma shown next

Time of appearance of next dilemma
Number of NPCs

Dilemma Dilemma Text
Dilemma possible answers

Dilemma answer scoring (if applicable)

NPC NPCType (institution)
NPCAdvice text

NPC Advised answer
NPCAdvice scoring (if applicable)

Table 2.1: Adjustable game components.

4. After submitting their answer to the presented dilemma, players will have the option
of giving feedback on their decision as a self-report.

5. After each dilemma, game personalisation will be performed, adjusting the next set of
dilemmas, NPCs and scenario parameters.

6. When all dilemma are taken, the training session ends. Again, players will be allowed to
provide feedback through self-reporting, but will also receive feedback based on their
progress and decision-making throughout the session.

2.4.2 Adjustable Game Components

The proposed game engine consists of several components, each ofwhich can be adjusted dur-
ing game play. Our goal is to develop a customizable game, providing both researchers and
crisis management staff with maximum control over training personalisation. Table 2.1 pro-
vides an overview of adjustable game components, whichmay be scenario, dilemma, orNPC-
related. Each type of game component is sub-divided into individual parameters (adaptable
content) which will be available for adjustment during game play.
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Figure 2.2: Scenario game play. Players are asked to select a scenario, and reach the solu on by
taking mul ple dilemmas.

Scenarios

Crisis scenarios are the core component of our game engine. Although scenarios are mostly
predefined by trainers to resemble real-life crisis situations, their adaptability is key to effective
training sessions.

In order to induce severe time constraints on the training process, the remaining time to
solve each scenario can be adapted. Moreover, to the same end, the exact time of appearance
of each dilemma can be altered as well. We believe that adaptation of these two variables will
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enable control of trainee stress levels, and contribute to effective stress management.
Behavioural competencies such as leadership and decisiveness are also considered neces-

sary tomonitor and develop. By adjusting the number ofNPCs available to players, the game
engine can trigger different decision making styles. With less NPCs available, trainees will be
engaged in “taking the lead” and relying less on expert advice, whereas an increase in NPC
number can assist in teamwork training.

Lastly, in order to decrease scenarios’ linearity, the selection of dilemmas will be made
dynamic. This adaptation can result in different scenario outcomes for each individual player,
enabling trainees to play the same scenario multiple times, with different possible results in
each session.

dilemmas

In traditional crisis management training methods, handling a crisis situation involves several
dilemmamoments, which impact the outcomeof the training scenario. Suchdilemmas canbe
evacuation of buildings/areas, setting up perimeters or talking to the media; incidents which
are highly likely to occur in real-life crisis situations.

We have chosen to design crisis scenarios as a sequence of dilemmas, describing subprob-
lems on which trainees have to decide. Following the concept of non-linear scenarios, the
dilemma narrative (text) will be made available for adaptation. In that way, we enable the
application of data-to-text generation methods, producing model-generated game narratives.

Furthermore, the possible answers to dilemmas are designed to be adaptable. Thatmeans
that trainees may have to choose between more than two possible options, when taking a
dilemma. What ismore, dilemmasmay not present traineeswith an obviously optimal choice,
thus directly influencing player stress. Also, it enables modelling of contradicting decision
making styles, when two available answers represent different approaches to a possible solu-
tion.

Lastly, scoring of dilemma answers will be available, to enable direct modelling of player
answers. In a scenario where a certain behavioural competency is monitored, experts can pro-
vide answer scores to measure player performance.

NPCs

Non-player characters (NPCs) play an important role in the proposed game engine. They
represent various institutions who normally partake in a real-life crisis situation (police forces,
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fire brigade, local politicians etc.). NPCs will be designed to give insight on each dilemma;
each presenting players with advice that reflects their institution’s point of view. NPC in-
stitution type will be adaptable and visually presented through an NPC avatar, according to
each scenario’s context.

To fully enable data-to-text generationmethods,NPCadvice texts are available for adapta-
tion. This means that the advised answer can be altered as well. Similarly to dilemma answers,
NPC advice scoring will be possible. By dynamically adaptingNPCbehaviour, scenario com-
plexity can be manipulated, resulting in a increase or decrease of overall scenario difficulty.

2.4.3 Data Collection

Data extracted during game play will enable player modelling through multiple modalities,
including physiological sensors, in-game events and self reports.

Physiological Data

Physiological data are used to describe the affective state of the player, and provide the basis for
player behavioural modelling. Previous studies have proposed methods of modelling player
affect through physiological sensor data (Holmgård et al., 2015; Shi et al., 2010; Mandryk,
Inkpen, & Calvert, 2006; Yannakakis & Hallam, 2008). We have chosen to monitor player
affective state through Photoplethysmography (PPG) and Skin Conductance (SC) sensors.
More specifically, we have chosen to employ the Shimmer GSR+ (Burns et al., 2010) sensors,
which are capable of measuring both aforementioned physiological signals through a single
wearable device. We consider these physiological sensors to be a non-invasive and unobtrusive
physiological data collectionmodality. The specific set ofmeasurements that will be extracted
through physiological signal analysis will be illustrated in Chapter 3 (see Table 3.1).

In-gameMeasurements

In-game measurements describe player actions during game play, while they also provide an
overview of the current game state. A list of in-game features that can be be tracked andmade
available for playermodelling tasks will be presented inChapter 3 (Table 3.2). These in-game
features will be incorporated in player behaviour models during crisis management scenarios.

34



Self-reporting

In order to extract subjective measurements from players, we propose the use of self-reports
to acquire feedback about the perceived player affective state. Self reports will not only enable
player modelling when physiological data is not available, but can also be used to measure
the correlation of objective (as measured by physiological signals) and self-reported affective
state. Such ratings of player affect could be used in statistical correlation (Pedersen, Togelius,
& Yannakakis, 2010) or ranking (Martinez, Yannakakis, & Hallam, 2014) tasks.

Self reporting will be available at specific points in the game, as described in Figure 2.2 in
Section 2.4. More specifically, we considermaking self-reports available exactly after dilemma
taking, for dilemma-specific feedback, and after a scenario has ended, for scenario-wide feed-
back.

Although self reporting may interrupt game play and have a negative effect on player im-
mersion, it facilitates the employment of personalised behavioural models and active mod-
elling techniques. The utilisation of self reporting will be further investigated in future stud-
ies.

2.5 Game prototype

We have designed a prototype tablet game, following the Design Goals and Framework dis-
cussed in Sections 2.3 & 2.4. In this prototype, we implement the main components of our
game, including scenario selection, game play screen and feedback screen. The goal of this
prototype game is to examine how the adaptable game components should be constructed
and presented to players.

2.5.1 Scenario selection

Thefirst screen of our prototype game is the scenario selection screen, illustrated in Figure 2.3.
Trainees will be asked to choose from a variety of scenarios, varying in topic (type of crisis to
be solved) and complexity.

Training scenarios will be designed in collaboration with crisis management training ex-
perts. As discussed in Section 2.3, we aim to generate adaptable scenarios, based on an under-
lying model of player affect. However, in order to ensure the efficacy of such scenarios, the
scenario topic and training goals should be pre-defined by training experts.
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Figure 2.3: Scenario selec on screen.

2.5.2 Timeline-like game play

Figure 2.4(a) illustrates the main game screen, which includes dilemmas, NPC advice and
a scenario description. We have chosen to follow a timeline-like design, where most recent
in-game events are placed at the top of the timeline. We believe that a timeline-like design is
relatable to many popular modern mobile applications, and for that reason, may increase the
usability and user-friendliness of our game.

In our conceptual framework (cf. Section 2.4), we describe adaptable in-game compo-
nents capable of influencing player affective state. In Chapters 3 and 4 we will investigate the
extent to which time pressure and information complexity can impact player in-game and af-
fective behaviour. We expect a timeline-like design to support this goal; given that all game
events are presented in one main screen, the pace and complexity of the presented in-game
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(a) Main game screen. In-game events are pre-
sented in a timeline-like fashion; most recent
events are placed at the top of the timeline.

(b) Feedback screen, enabling evaluation on
multiple aspects of player behaviour.

Figure 2.4: Main game screen (le ) and feedback screen (right).

information may be used to manipulate player stress levels.

2.5.3 Game components

In this prototype, we have designed the main game components, following the conceptual
framework discussed in Section 2.4. Themain game components are (1) scenarios (cf. Figure
2.3), (2) dilemmas, and (3) NPCs (cf. Figure 2.4(a)). Scenarios are pre-scripted to define
the training goals of each session. dilemmas and NPCs are presented as text fields, and are
accompanied by possible answers in case of dilemmas, or an avatar in case of NPCs. Through
adaptation of these game components, we aim to generate personalised crisis management
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training scenarios.
At the top of the main game screen, players can see the remaining game time, while each

game event is also marked with a timestamp. This way, trainees will be aware of time restric-
tions regarding the training session. Every game event can bemarked as a “starred” event, and
all starred events will be gathered and accessible through a secondary game screen, by tapping
the star icon at the bottom of the screen, shown in Figure 2.4(a).

Dilemmas will consist of adaptable texts and adaptable possible answers, as illustrated in
Figure 2.4(a). Before taking each dilemma, players will have the option of interacting with
NPCs (cf. Figure 2.2 in Section 2.4). NPCs will provide expert advice on answering each
specific dilemma through adaptable texts, while the number of NPCs and their participation
in a specific dilemma are adaptable parameters as well. NPC advice that is starred by players
will be stored andmade accessible in a secondary game screen, by tapping the avatar button at
the bottom of the screen (Figure 2.4(a)).

Audiovisualmedia, illustrated inFigures 2.3 and 2.4(a) (bottomof themain game screen),
will be employed in order to increase the game’s realism and trigger stronger reactions from
the trainees. Suchmedia have been proven to be effective in training applications (Henderson,
Pruett, Galper, & Copes, 1986).

2.5.4 Personalised training evaluation

The last screen of our game prototype represents the personalised feedback screen, illustrated
in Figure 2.4(b). In Section 2.3, we discuss personalised feedback as a main goal of our crisis
management game. Feedbackmay be focused onmore than one behavioural competencies of
the player, such as stress resilience, decisiveness, leadership skills etc. Behavioural competen-
cies will be defined as training goals for each individual game scenario.

Feedback consists of an adaptable text field, which may be generated based on the under-
lying playermodel built during game play. Furthermore, we have designed a 5-star rating field
to quantify performance evaluation.

2.5.5 Game play example

In Figure 2.5 we illustrate a one-step game play example. After answering a dilemma, in-
game and physiological measurements are fed into the player model. In this example, the
trainee has taken a dilemma a few seconds after it was presented to them, without requesting
for expert (NPC) advice, while their skin conductance and heart rate measurements describe
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Figure 2.5: Example one-step game play. A er a dilemma is answered, the player model is updated
with physiological sensor data and in-game measurements. In the example, player stress level is clas-
sified as being low, leading to the genera on of a new dilemma, adjusted towards inducing stress
onto the trainee.

an unstressed player. The player model is updated, and classifies player stress levels as “low”.
Based on this estimation, the next dilemma is presented, while its text, possible answers, and
remaining game time are accordingly adapted to induce more stress onto the trainee.

The above described game play instance, is part of a training session focusing on trainee
stress resilience. The goal of this training session is to evaluate the efficiency of trainee decision
making under high pressure situations, and evaluatewhether (and towhat extent) the player is
affected by artificially induced stress. By adjusting in-game components such as dilemma text
and remaining game time, the game personalisationmechanism aims tomaintain player stress
at a high level. Having completed several training sessions in highly stressful circumstances,
trainees are expected to perform at a consistent level in a real-life stressful crisis situation.
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2.6 Conclusion

This chapter presents a concept study on personalised crisis management training. We dis-
cuss a dilemma-based game design, where trainees are required to solve a crisis step-by-step.
Our game has been designed to support training on an individual level, supplementary to the
already existing training scheme.

Threemain design principles are followed: Firstly, our game has been designed formobile
interfaces, enabling crisis management staff to train outside regular training hours, even from
their home environment. Secondly, in order to implement models of player behaviour, data
extraction frommultiple modalities is preferred. Multi-modal player modelling sets the foun-
dations of efficient training personalisation –the third design goal–, which is made possible
through adaptable game components and personalised in-game feedback.

In this chapter, we have discussed the fundamental framework based onwhichwewill im-
plement models of player stress responses and create personalised crisis management training
scenarios. InChapters 3 and 4we investigate the effect of time pressure and information com-
plexity on player stress levels and decision making, while Chapter 5 presents a trainee-versus-
trainer application that enables remote, personalised crisis management training through an
applied crisis management game.
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3
Multi-modal Study of the Effect of Time
Pressure in a Crisis Management Game

This chapter addressesResearch Question 1: How can we model player affective states in ap-
plied games?
Based on: Paris Mavromoustakos-Blom, Sander Bakkes, and Pieter Spronck. 2020. Multi-
Modal Study of the Effect of Time Pressure in a Crisis Management Game. In International
Conference on the Foundations of Digital Games (FDG ’20). Association for Computing Ma-
chinery, NewYork, NY,USA,Article 86, 1–4. DOI: https://doi.org/10.1145/3402942.3403006
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In Chapter 3, we study the effect of time pressure on player affective behaviour during a
dilemma-based crisis management game. We analyse the effects of time pressure onto player
affective behaviour through physiological sensors, in-game actions and self-reports. We em-
ploy time pressure as an artificial stressor during gameplay. Our analysis specifically focuses
on multi-modal modelling of player stress responses, measuring correlation across modalities
and estimating expected player stress levels during gameplay.

3.1 Introduction

Crisis management is a highly stressful task. Crisis management experts need to develop a
multitude of behavioural competencies including leadership, teamwork, and stress resilience,
in order to be able to deal with crises efficiently and consistently. To maintain a high level of
preparedness, crisis management experts attend regular training sessions where artificial crisis
scenarios are “solved” in a cooperative manner. In this chapter, we present a simulation of
a crisis management training session through the use of an applied game called the Mayor’s
game (van de Ven, Stubbé, & Hrehovcsik, 2014; Mayor’s Game, 2018). A detailed descrip-
tion of the Mayor’s Game is provided in Section 3.3. Our aim is to model player affective
behaviour under the effect of an artificially induced stressor, namely time pressure. Our long
termgoal is to employ behaviouralmodels towards the implementation of a personalised crisis
management training environment.

To recreate a realistic crisis management setting, we need to be able to increase players’
stress levels during gameplay. There are many methods in which player stress levels can be
manipulated during a game session, such as inducing time pressure, increasing information
complexity, or creating external distractions. In this chapter, we employ time pressure as a
means of intensifying the game pace and inducing additional stress onto players. Time pres-
sure has been employed as an in-game stress induction mechanism in previous studies revolv-
ing around decisionmaking during crises and is considered a condition that is likely to appear
in a real-life crisis setting (Klein & Klinger, 1991). Therefore, we expect additional time pres-
sure to have a noticeable effect on player physiology and in-game behaviour during a crisis
management game session.

Crisis management experts attend frequent training sessions, which at times may fail to
maintain a trainee’s stress at a level high enough tomatch that of an actual crisis. We introduce
an applied game which enables player stress level manipulation through adaptable in-game
components. Ideally, using the model of affect by Posner et al. (2005) we aim to steer players
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towards a low-valence, high-arousal experience during gameplay.
A multi-modal approach has been preferred in relevant studies which involved player

modelling (Martínez & Yannakakis, 2011; Holmgård et al., 2015), as it can increase robust-
ness and offer a more complete view of the psycho-physiological experience of the player
(Holmgård et al., 2015). In this chapter, we employ typical measurements to express phys-
iological stress, namely photoplethysmography (PPG) and skin conductance (SC), accompa-
nied by in-game player action tracking and self-reporting, as described in Chapter 2’s pro-
posed framework. Through the aforemetioned modalities, we extract an extensive set of fea-
tures to model user behaviour during gameplay. Referring back to Figure 2.1, the present
chapter discusses the player modelling part of the personalised crisis management training
framework.

We implementmodels of player affect, with the purpose of answering ResearchQuestion
1. Our analysis consists of three parts: (1) we observe the effect of time pressure as an in-
game stress inductionmechanism and how it is reflected in player physiological responses and
in-game behaviour, (2) we examine the relationship between player physiological responses
and in-game behaviour by investigating correlations between the two modalities and (3) we
attempt to estimate future values of both physiological and in-game feature variables in real-
time by using temporally segmented feature sets. Ultimately, we are aiming to assess the fea-
sibility of implementing a personalised crisis management training tool based on player stress
level manipulation.

3.2 RelatedWork

Below, we discuss how this chapter is based (and expands) on previous work in the fields of af-
fective computing, decisionmaking under pressure, multi-modal playermodelling and games
for crisis management training.

3.2.1 Affective computing

Over the years, numerous interfaces to measure, identify and induce human emotions have
been employed in human-computer interaction tasks. Physiological sensors have been previ-
ously used for user emotion recognition (K. H. Kim, Bang, & Kim, 2004; Haag, Goronzy,
Schaich,&Williams, 2004; Arroyo et al., 2009;Wagner, Kim,&André, 2005), entertainment
modelling (Yannakakis&Hallam, 2008;Mandryk et al., 2006) and stress detection (Healey&
Picard, 2005; Sun et al., 2010; Melillo, Bracale, & Pecchia, 2011). Physiological signals such
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as skin conductance and heart activity have been employed as objective descriptors of user
player affective state during gaming (Mandryk et al., 2006; van der Vijgh, Beun, VanRood, &
Werkhoven, 2015; Toups et al., 2006; C. Liu, Agrawal, Sarkar, & Chen, 2009). More specifi-
cally, several studies have focused on the analysis of user experience through biofeedback dur-
ing shooter games (Drachen, Nacke, Yannakakis, & Pedersen, 2010; Nacke, Kalyn, Lough, &
Mandryk, 2011; Nacke, Grimshaw, & Lindley, 2010). Our aim is to process and analyse such
physiological signals in order to model player affective behaviour, expecting that artificially
induced stress will have an impact on players’ physiological measurements.

AlOsman et al. (2016) present a studywhereplayer stress levels aremeasured throughuser
heartrate variability (HRV) and respiration monitoring. In-game, player stress is represented
by a tree character, whose “health” is strictly correlated to current player stress measurements
and is depicted both graphically and numerically. By conducting a user study, they observe
that real-time feedback on stress levels assisted players in improving their mental health. Simi-
larly, in this thesis, we extract multiple features from player heartrate signals, including HRV,
which we use to implement models of player stress response.

3.2.2 Decision making under time pressure

We have chosen to employ time pressure as a method of inducing additional stress onto play-
ers, aiming to observe the effects on players’ physiological responses and in-game behaviour.
The influence of time pressure on judgement and decisionmaking has been investigated thor-
oughly inprevious studies focusingbothon the cognitive aspects (Hwang, 1994;O. S.A. J.Maule,
1993; A. J. Maule & Edland, 1997; Dror, Basola, & Busemeyer, 1999), and the practical ef-
fects on specific tasks, such as fire ground command (Klein, Calderwood,&Clinton-Cirocco,
1986; Klein, 2008).

What is particularly relevant to crisis management training, is that the addition of a “dead-
line” in decision making tasks not only increases humans’ feeling of time pressure, but has
broader effects on their affective state. Through a user study, Maule, Hockey and Bdzola
(2000) conclude that the induction of time pressure causes increased user awareness, while
users were reportedly feeling more “energetic” during a decision making task.

Time pressure as a stress inductionmechanism is discussed in the concept of Naturalistic
DecisionMaking (NDM) (Klein, 2008; Klein &Klinger, 1991). Klein and Klinger (1991) ar-
gue that NDM can accurately model real-world circumstances under which decision making
takes place, by introducing stressors such as continually changing conditions, ill-defined tasks
and time pressure among others. They argue that “classical” models of decision making tend
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to fail, when timepressure is induced. In a realistic setting, FireGroundCommanders (FGCs)
were shown to be less analytical regarding their decision making, but were most interested in
finding “timely, workable and cost effective” solutions. As such, we specifically focus on the
effect of time pressure on player affective behaviour during crisis management, and attempt
to model these factors based on physiological responses and in-game behaviour.

3.2.3 Multi-modal player modelling

Multi-modal player modelling has been applied within the context of entertainment and con-
tent creation (Pedersen et al., 2010), player affect detection (Martínez & Yannakakis, 2011)
anddiagnosis& treatment assistance (Holmgård et al., 2015). For an extensive study onplayer
modelling, we refer readers to Yannakakis et al. (2013).

When modelling player stress responses, we anticipate that physiological measurements
yield accurate results. We investigate whether additional modalities regarding player affective
behaviour can increase the accuracy of our models. To that end, the present chapter relies on
player modelling based on heartrate (HR) and skin conductance (SC), but also in-game and
self-report data. In a relevant study, Holmgård et al. (2015) employ blood volume pressure
(BVP) and SC signals to implementmodels of PTSD patients’ physiological responses within
the StartleMart game. They validate their observations by correlating specific sensor features
to submitted player self-reports. Even though treatment efficacy is not investigated in their
study, they conclude that their findings can be applied in personalised training environments
that support diagnosis and treatment of PTSD. In similar fashion, we explore the possibil-
ity of player stress response modelling through multiple modalities, while at the same time
investigating possible correlations between them.

In the context of crisis management training, Bacon et al. (2013, 2017) and Mackinnon
et al. (2013) investigate crucial “affective factors” that play an important role in decision
making in crisis scenarios. They have developed a highly adaptive crisis management train-
ing environment called “Pandora”, which is mainly based on player affective state monitoring
andmanipulation. Player affective statemonitoring is achieved through physiological sensors,
self-reporting and trainer observation of trainees. Although Pandora’s training environment
includes many multimedia features contrasted to our text-based scenarios, we consider it a
guideline towards implementing an adaptive crisis management training system.
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3.2.4 Crisis management training

In order to build effective crisis management training tools, it is necessary to define the key
characteristics that a crisis manager must possess in order to perform when it matters most.
Competencies like decisiveness, communication and stress resilience, also known as “soft
skills” (Di Loreto, Mora, & Divitini, 2012), are only a few examples of abilities that must
be developed and trained (Stolk et al., 2001). “Classical” crisis management training consists
of role-playing exercises where crisis scenarios are solved collaboratively (Babus, Hodges, &
Kjonnerod, 1997). Additional training tools have been introduced, including digital simula-
tions focusing on teamwork & collaboration (Granlund, 2001; Dobson et al., 2001; Sagun,
Bouchlaghem, & Anumba, 2009), strategic planning (Turoff et al., 2005) and education of
crisis management staff (Stolk et al., 2001; Babus et al., 1997). Large-scale real-life training ex-
ercises have also been applied, such as the Bonfire crisismanagement simulation in theNether-
lands (Helsloot, 2005). For an extensive review on collaborative crisis management games, we
refer readers to Di Loreto et al. (2012).

Crisis management is defined as “the anticipation of foreseeable events andminimisation
of unexpected events during a crisis” (Di Loreto et al., 2012). Di Loreto et al. propose the im-
plementation of predictive models and scenarios, and the employment of such tools for crisis
management training. We base our studies on this principle; by predicting player affective
behaviour, as reflected in both in-game and physiological measurements, we aim to be able to
adapt the training procedure in order to create realistic and impactful training experiences.

Stolk et al. (2001) present a training framework, targeted towards training intermediate-
level crisis commanders (tactical teams focusing on decision making and operational coor-
dination). Trainees are confronted with pre-specified scenarios based on real cases of natural
disasters, which are focused on learning of cases, problems and situationswithin a crisis. “Mis-
takes” during training are merely considered negative; they are a vital part of the learning pro-
cedure. This training environment was employed to train international crisis management
experts and yielded satisfactory results. Similarly, we aim to implement scenarios which will
be used by professionals, aiming more towards consistency in decision making under high pres-
sure, and less towards evaluating the “correctness” of the decisions themselves.

3.3 Mayor’s Game

TheMayor’s game is a text-based decisionmaking gamewhich allows running dilemma-based
crisis scenario simulations. The Mayor’s game is used by many town mayors in the Nether-
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Figure 3.1: The Mayor’s game. Players are required to solve a scenario by answering yes-or-no type
dilemmas with the help of five addi onal advisers.

lands, primarily designed to test leadership skills (van de Ven et al., 2014). The game’s engine
allows us to implement a crisis scenario and retrieve temporal data regarding players’ in-game
actions through timestamped game logs.

As the name suggests, in the Mayor’s game the player becomes mayor of a fictional town
which is undergoing a crisis. The crisis is described by an introductory text and is further un-
raveled through dilemmas which are sequentially presented to the players. Looking at Figure
3.1, we see that the main game screen is divided into two parts. In the top half, five assistants
are shown, representing experts from various insitutions (communication and press, public
health services, fire brigade, legal adviser, police department). The assistants provide addi-
tional information to each dilemma, reflecting their institution’s point of view on each, but
can also provide an advised answer on demand. Players can access advisers’ additional infor-
mation by clicking on the information blobs appearing above the advisers’ avatars (see Figure
3.1). In the bottom half, a list of dilemmas is presented, while the main text box with the
dilemma description and possible answers is placed in the middle of the screen. Lastly, in the
top left of the screen there is a countdown timer, indicating the time left to solve the scenario.

The scenario that is used in this thesis revolves around a chemical leak resulting from a
train accident and consists of eight dilemmas. Each dilemma is accompanied by one piece of
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additional information from each adviser. In order to read the additional information players
have to click on the adviser, implying that reading all the additional information is notmanda-
tory. The dilemmas are all “yes or no” type of questions, and there is no correct answer; any
answer will eventually lead to the end of the scenario.

Currently, there exist two versions of theMayor’s game engine; the static game engine and
the dynamic game engine. In the static version, the scenario’s texts, dilemma questions and
adviser characters are pre-defined through an XML scenario file. This means that none of
the game’s components can be altered once the scenario has been loaded. On the other hand,
the dynamic version of the engine allows dynamic scenario gameplay, by allowing real-time
game component adaptation through a message broker. The message broker allows external
applications to directly connect to the game engine and adapt the game’s components (e.g.
dilemma questions and adviser information) during gameplay.

Both versions of the Mayor’s game engine allow the export of timestamped game logs,
which provide a detailed report of players’ in-game actions. These include not only players’
answers to dilemmas and the amount of adviser information pieces consulted, but also times-
tamps of players’ interactions with the game’s components, such as the exact time of every
dilemma being opened and answered. Timestamped logs allow us to produce an accurate
overview of how (and when) players interacted with the game, and also synchronise player-
game interaction data with external monitoring channels (e.g. physiological sensors).

Chapters 3 and 4 focus on post-game player modelling using theMayor’s game static ver-
sion. In Chapter 5 we employ theMayor’s game dynamic version in order to enable real-time
scenario adaptation. TheMayor’s game dynamic version is also themain source of inspiration
behind Chapter 2’s proposed framework.

We recognise that the limited capabilities of the Mayor’s game engine may lead to a low-
fidelity crisis management game. However, the scenario we employ was designed in collabo-
ration with crisis management experts, ensuring high quality of the scenario’s texts.

3.4 Methodology

In this section, we describe the methods employed to create a virtual crisis management sce-
nario, acquire and analyse the player data and lastly, implement predictive player stress re-
sponse models.
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3.4.1 Experimental goals

We designed the present experiment aiming at three particular goals:

1. Observing the effect of time pressure onto player physiological responses and in-game be-
haviour.

Time pressure has been described as a stressor within the crisis management context
(Klein & Klinger, 1991). We designed this experiment towards inducing additional
stress during a crisis management game through time pressure. In this way, we are able
to assess towhat extent timepressure affects player affective behaviour andunderwhich
conditions time pressure can be a valid medium of player stress level manipulation.

2. Implementing predictive player stress response models based on multiple modalities and
observing correlation between different modalities.

Multi-modality has been shown to be effective in stress- and game-related studies such
as in (Holmgård et al., 2015). Apart fromphysiological sensor data, we also expect play-
ers’ self-reports and in-game actions to reflect their levels of stress during gameplay. Fur-
thermore, correlating measurements across these modalities may allow us to measure
player physiological responses without the availability of sensors, or draw conclusions
on player in-game behaviour without in-game data being available.

3. Predicting player affective behaviour in real-time.

In “classical” crisis management training, trainees’ performance is assessed at the end of
each training session. We believe that through an applied game where player affective
behaviour is being monitored, such assessments can be made during actual gameplay.
To achieve this, player affective behaviour should be predicted in real-time so that per-
formance assessments canbeused to influence the remainder of the training session. To
that end, we have segmented our dataset in temporal sub-sets and attempt to predict
future values of specific feature using time-limited amounts of data. If achieved, accu-
rate real-time prediction of player affective behaviour can facilitate the implementation
of a personalised crisis management training environment.

3.4.2 Experimental setup

For this experiment, 82 participants were recruited at Twente University, all current students
of the institution. Out of those, 10 participants were excluded because of sensor recording
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failure. Of the remaining 72 participants, 48 were female and 24 were male, with an average
age of 20.48 years (SD = 1.63).

Players were divided into two groups. Participants in the control group (N=38) played a
baseline version of the scenario, which should be solved within 15minutes without any exter-
nal distractions. Participants in the experimental group (N=34), were given threeminutes less
(12minutes in total) to solve the same scenario and were frequently reminded of the time left
by the experiment coordinators, while an additional large monitor displaying a countdown
timer was placed in the room. The goal of giving players less time, reminding them of the
time left and placing an additional countdown timer in the room, was to induce additional
stress through time pressure. We considered threeminutes less to invoke significant time pres-
sure, as participants are expected to answer dilemmas in the game approximately once every
1.8 minutes.

The experimentwas conducted in a laboratory area tominimise distractions from the out-
side. Participants were given a detailed presentation regarding the puprose and procedure of
the experiment, followed by a tutorial on theMayor game’s controls and gameplay. Theywere
then introduced to the Shimmer (Burns et al., 2010) wearable sensors, which were attached
to their wrists with the help of the experiment coordinators. The sensors were attached to
the idle hand (not controlling the computer’s mouse), in order to minimise hand movement
noise in the physiological data. Two electrodes were attached to the index and middle finger
respectively, to record heartrate activity, while a third electrode was attached to the ring fin-
ger, recording skin conductance. Before being attached to the sensors, participants signed an
informed consent form and were instructed to start the scenario. After finishing the game,
participants were asked to fill in the self-report form, reflecting on their perceived stress level
throughout the scenario. Participants rated the crisis scenario for both valence and arousal
on a 9-point scale, where score 1 represented “least valent/arousing” and score 9 represented
“most valent/arousing”. Valence and arousal were reported using the self-assessment man-
nekin (Bradley & Lang, 1994), illustrated in Figure 10.1 of the Appendix.

To ensure anonymity, each participant was assigned a game ID which can be used to re-
trieve physiological, in-game and self report data. A table containing the name and game ID
for each participant was encrypted and securely stored in a separate folder so that the experi-
ment data itself cannot be correlated to a participant. Participants hold a right to ask for their
personal data to be deleted or excluded from the experiment at any point, no reason given.
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Figure 3.2: Processing of heartrate signal, sampled from the experiment data. A single heartbeat in
the raw signal contains the diastolic (secondary) peak, which is filtered out a er applying a moving
average threshold for peak detec on.

3.4.3 Data processing

Physiological activitywas recordedwith apolling frequencyof 1024Hz for the durationof the
experiment (typically 15-20 minutes), resulting in a 150MB .csv file with heartrate and skin
conductance data for each participant. The total size of physiological data acquired in the
whole experiment was 9.6GB. The acquired physiological data was pre-processed according
to Paul van Gent et al. (2019) (cf. Figures 3.2 and 3.3). Pre-processing of the physiological
data was necessary in order to remove noise artefacts caused by player movement, and extract
a number of features from the sensor signals. These features are listed in Table 3.1. Lastly, a
number of featureswere extracted from the in-game data and self-reports thatwere submitted.
These features are listed in Table 3.2. All features were labelled with timestamps so that data
from different modalities could be synchronised and correlated.

3.5 Results

We conducted an experiment where participants were divided into two groups; the control
group, where a baseline crisis management scenario was played, and the experimental group,
where the same scenariowas played under time pressure. In this section, we present the results
achieved.
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Figure 3.3: Example of pre-processing of skin conductance signal. The raw skin conductance signal is
smoothened using a median filter.

3.5.1 Effect of time pressure on player affective behaviour

This experiment was designed to induce additional stress onto the experimental group’s par-
ticipants, in such a way that it would cause variation in physiological and in-game behaviour
between participants in the two different groups. The set of features extracted from each
modality aims to provide a detailed description of player physiological stress responses and
in-game behaviour. We have added a binary variable to our dataset, representing each par-
ticipant’s group (0 for control, 1 for experimental), and ran prediction tasks to investigate
whether our extracted feature set can accurately predict that variable. High accuracy in pre-
dicting the experimental condition would mean that there is indeed variation in participants’
behaviour among the two different groups.

We ran three separate classification tasks, each using a different feature set, accross all par-
ticipants. We compare two classificationmethods; as a baseline classifier we used scikit-learn’s
“dummy classifier”, which always predicts the most frequent label in the dataset. We chose to
test the accuracy of a randomforest classifier (N_estimators = 10, criterion=``gini'',
max_depth=∞) through 10-fold cross-validation, which is also employed successfully for
identifying player affective state through facial expression analysis (seeChapters 7 and 8). The
10-fold cross-validation was applied at participant level, meaning that there were no overlaps
across subjects in the training and test set.

As illustrated in Table 3.3, we tested separate predictive models built with in-game and
physiological sensor features, as well as a model trained on a combination of both modali-
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Measurement Description

avgHR/avgSC Mean heartrate/skin conductance
stdHR/stdSC Standard Deviation of heartrate/skin conductance

minHR/minSC Minimum value of heartrate/skin conductance
maxHR/maxSC Maximum value of heartrate/skin conductance
diffHR/diffSC Difference between maximum and minimum value

of heartrate/skin conductance
initHR/initSC Initial value of heartrate/skin conductance
endHR/endSC Last value of heartrate/skin conductance
shiftHR/shiftSC Difference between first and last value of

heartrate/skin conductance
timestampMaxHR/ timestampMaxSC Timestamp of maximum value of heartrate/skin

conductance
timestampMinHR/ timestampMinSC Timestamp of minimum value of heartrate/skin

conductance
diffTimestampHR/ diffTimestampSC Time difference between maximum and minimum

value of heartrate/skin conductance
hrv RMSSD heartrate variability

Table 3.1: Physiological sensor features extracted, including heartrate and skin conductance.

ties’ features. The results show that a random forest classifier achieved 84.5% accuracy when
trained on the in-game feature set, while the physiological sensor-based model reached 67.9%.
The combination of both feature sets achieved 75% accuracy. We also tested a support vector
machine (SVM) model, which performed significantly worse than the random forest in all
conditions.

It is worth observing the meta-data extracted for each feature when predicting experi-
mental condition using features from both in-game and sensor features. We ran indepen-
dent t−tests for each separate feature, and present the results in Table 3.4. It illustrates
that features timestampMinSC, avgTimeToAnswerDilemma, avgTimeDilemmaOpen and
sumInfosReadwere statistically significant (p < .01).
Features avgTimeToAnswerDilemma and avgTimeDilemmaOpen were the dominant ones
in random forest classification. This explains the increase in accuracy when predictions are
made using only the in-game feature set to train the model.

Lastly, we added self-report data including scores of valence and arousal during the game
as additional features to the random forest classifier. As illustrated in Figure 3.4, the reported
valence and arousal scores did not differ significantly between the two experimental condi-
tions. Table 3.3 indicates that adding the self-report features to the dataset, caused a drop in
classification accuracy.
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Measurement Description

averageInfoOpen/ stdInfoOpen Average/standard deviation of information read
avgTimeToAnswerDilemma/
stdTimeToAnswerDilemma

Average/standard deviation of time taken to answer
dilemma

averageTimeDilemmaOpen/
stdTimeDilemmaOpen

Average/standard deviation of time dilemma viewed

sumPosFeedback/ sumNegFeedback/
sumNeuFeedback

Total number of positive/negative/neutral involved
party feedback

sumAdviceRequested Times advice requested
sumInfosRead Total information read

sumInfos Total number of information in scenario
avgTimesDilemmaOpened/
stdTimesDilemmaOpened

Average/standard deviation of times a dilemma was
opened

sumDirectInfo/ sumIndirectInfo Total number of direct/indirect information
correlation to answer

sumadviserMood Aggregation of adviser moods

timeOpen Total time taken to answer dilemma
answerType Type of answer to dilemma (Yes/No)

empathyFeedback Answer empathy scoring
timesOpened Total times dilemma opened

numberInfosRead Total number of information read
numberInfosTotal Total number of information in dilemma
adviceRequested Whether advice was requested

directInfos/ indirectInfos Total number of direct/indirect information
correlation to answer

sumadviserMood Aggregation of adviser moods

age Player age
gender Player gender
valence Reported valence
arousal Reported arousal

Table 3.2: In-game measurements extracted from the Mayor’s game, divided in scenario-wide fea-
tures (top sec on) and dilemma-specific features (middle sec on). Self-report measurements are
listed in the bo om sec on.

54



Figure 3.4: Reported valence & arousal among experimental condi ons.

Method Game-only Sensor-only Combined

Baseline 52.8% (52.8%) 52.8% (52.8%) 52.8% (52.8%)
SVM 56.1% (55.5%) 64.5% (55.6%) 66.8% (62.2%)
Random Forest 84.5% (80.1%) 67.9% (61.1%) 75.0% (68.5%)

Table 3.3: Results of predic ng experimental condi on, using game, sensor, or both sets of features
combined. Scores outside parentheses represent predic on accuracy when self-report features are
excluded from the dataset, while scores in parentheses represent predic on accuracy when self-
report features are included.

3.5.2 Cross-modal prediction of feature variables

We tested our models of player affective behaviour in terms of generalisability, both outside
laboratory settings (where physiological sensor datamaynot be available) and accrossmultiple
games (where in-game data might not be available). Our goal was to observe to what extent
we are able to infer player physiological responses just by analysing their in-game behaviour
and vice versa. In order to do so, we investigated correlation between features belonging to
the sensor and in-game modalities respectively, by implementing a predictive model using
eachmodality separately. We employed a random forest regressor to predict values of features
belonging to the modality that is not included in the respective model’s feature set. We ran
regression tasks to predict each of the features illustrated inTable 3.5, and usedmean squared
error (MSE) as the measure of accuracy.
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Feature Importance t p Mean values

avgHR .004 −1.26 .211 77.5 (80.5)
stdHR .007 −2.47 .015 6.90 (7.93)
minHR .018 .71 .474 −28.9 (−31.3)
maxHR 0.0 −1.26 .210 53.1 (59.7)
diffHR .002 −1.30 .195 82.1 (91.0)
initHR .020 .008 .993 2.25 (2.22)
endHR .015 −0.14 .887 −1.22 (−0.97)
shiftHR .021 −0.07 .938 −3.47 (−3.20)

timestampMaxHR .011 .71 .474 0.28 (0.24)
timestampMinHR .028 1.68 .095 0.28 (0.20)
diffTimestampHR .014 −0.72 .472 −0.005 (0.04)

hrv .024 −0.10 .917 58.6 (59.3)
avgSC .025 −0.76 .449 2.58 (2.95)
stdSC .009 −1.00 .316 0.55 (0.68)
minSC .012 1.22 .226 −1.09 (−1.43)
maxSC .007 −0.48 .630 1.64 (1.80)
diffSC .020 −0.85 .394 2.73 (3.24)
initSC .023 2.39 .019 −0.36 (−1.03)
endSC .003 −1.14 .254 0.73 (1.008)
shiftSC .024 −1.99 .050 1.10 (2.04)

timestampMaxSC .036 1.48 .143 0.50 (0.42)
timestampMinSC .047 3.13 .002 0.20 (0.08)
diffTimestampSC .009 −0.47 .634 0.29 (0.33)
sumadviserMood .020 −1.38 .169 4.26 (5.52)
averageInfoOpen .026 −0.20 .834 0.016 (0.016)
stdInfoOpen .018 .488 .626 0.009 (0.008)

avgTimeToAnswerDilemma .135 3.07 .002 0.12 (0.11)
stdTimeToAnswerDilemma .040 .236 .813 0.03 (0.03)
avgTimeDilemmaOpen .177 3.55 .0006 0.10 (0.09)
stdTimeDilemmaOpen .006 .104 .917 0.02 (0.02)

sumPosFeedback .007 −0.83 .405 3.89 (4.17)
sumNegFeedback 0.0 1.27 .207 1.63 (1.20)
sumNeuFeedback .005 .343 .732 2.26 (2.14)

sumAdviceRequested .007 −0.24 .810 3.44 (3.61)
sumInfosRead .061 3.10 .002 45.7 (35.9)

avgTimesDilemmaOpened .004 −0.02 .982 2.51 (2.51)
stdTimesDilemmaOpened .036 1.45 .149 0.64 (0.45)

sumDirectInfo .045 1.44 .152 16.05 (12.82)
sumIndirectInfo .015 −1.03 .304 5.31 (6.85)

Table 3.4: Meta-data of experimental condi on predic on using a random forest classifier and a com-
bina on of sensor & in-game features. Presen ng feature importance values, t− and p−values of
independent t−tests, and mean values of features in control group (out of parentheses) and experi-
mental group (inside parentheses). Sta s cally significant features (p < .01) illustrated in bold.

56



(a) Prediction of maximum HR using the in-
game feature set (MSE = 897.61).

(b) Prediction of maximum SC using the in-
game feature set (MSE = 2.4475).

(c) Prediction of average time to answer
dilemma using the sensor feature set (MSE =
0.023).

Figure 3.5: Cross-modal predic ons of absolute feature values.
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Modality included in model Predicted feature MSE

In-game data diffHR 1382.2
maxHR 893.6
shiftHR 231.5
avgHR 118.8
endHR 56.6
diffSC 8.0
avgSC 5.4
shiftSC 5.2
maxSC 2.5
endSC 1.2

timestamp maxHR 0.04
timestamp maxSC 0.05

Physiological sensor data sum info read 218
sum advice requested 10.0

average time to answer dilemma 0.02
average time info open 0.0005

Table 3.5: Mean squared error of cross-modal feature value predic ons (en re scenario).

In Figure 3.5 we present the results of three regression tasks, namely the prediction of
maximumheartrate and skin conductance using amodel trained on in-game features, and the
prediction of average time needed to answer dilemmas using amodel trained on physiological
sensor features. We observe relatively high MSE when predicting maximum heartrate and
skin conductance of players, while in all three cases, our models do not perform accurately
when predicting outliers. However, relatively low MSE is observed when predicting average
time needed to answer dilemmas.

Taking a closer look at Table 3.5, we observe high variance in the predictions’ MSE. Vari-
ables such asmaxHR and diffHR show relatively high MSE, while endHR and endSC were
predictedwith lowerMSE.We should point out thatMSE’s units ofmeasurement are squares
of the estimated feature’s measurement units, meaning that MSE is not comparable between
features belonging to different modalities. For example, diffSC ’s MSE equal to 8 seems rel-
atively low compared to heartrate features’ MSE but is still considered high, relative to skin
conductance measurement units (μS, cf. Figure 3.3).

3.5.3 Predicting future values using temporal feature sets

In Section 3.4.1 (Goal 3), we discuss real-time prediction as a major goal of this chapter. In
order to perform this task, it is required that our dataset is temporally segmented. Since both
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(a) Prediction of maximum HR in the last
dilemma answered, using data collected dur-
ing the first two dilemmas answered (MSE =
435.71).

(b) Prediction of maximum HR in the
last dilemma answered, using data collected
during the first three dilemmas answered
(MSE = 347.42).

(c) Prediction of maximum HR in the last
dilemma answered, using data collected dur-
ing the first four dilemmas answered (MSE =
355.92).

Figure 3.6: Predic ng maximum heartrate in the last dilemma answered, using data collected during
the early stages of the scenario.
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(a) Prediction of maximum SC in the last
dilemma answered, using data collected dur-
ing the first two dilemmas answered (MSE =
0.1485).

(b) Prediction of maximum SC in the last
dilemma answered, using data collected
during the first three dilemmas answered
(MSE = 0.1071).

(c) Prediction of maximum SC in the last
dilemma answered, using data collected dur-
ing the first four dilemmas answered (MSE =
0.1079).

Figure 3.7: Predic ng maximum skin conductance in the last dilemma answered, using data collected
during the early stages of the scenario.
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(a) Prediction of time required to answer
the last dilemma, using data collected during
the first two dilemmas answered (MSE =
0.00082).

(b) Prediction of time required to answer
the last dilemma, using data collected during
the first three dilemmas answered (MSE =
0.00081).

(c) Prediction of time required to answer
the last dilemma, using data collected during
the first four dilemmas answered (MSE =
0.00076).

Figure 3.8: Predic ng me required to answer the last dilemma, using data collected during the early
stages of the scenario.
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in-game and physiological sensor data was suppliedwith timestamps, wewere able to segment
each participant’s data with respect to the start and end timestamp of each dilemma answered.
Consequently, each generated timeframe represented a single in-game dilemma, while every
model feature (cf. Section 3.4.3) could be re-calculated for each respective timeframe. This
allows us to implement models and run prediction tasks using time-limited feature sets. We
trained models using data collected during the first two, three, and four dilemmas answered,
and employed a random forest regressor to predict absolute values of maximum heartrate,
maximum skin conductance and time required to answer the last (typically eighth) dilemma
of the scenario.

In Figures 3.6(a) – 3.6(c), we illustrate the prediction of maximum heartrate in the last
dilemma answered, by implementing models using the first two, three and four dilemmas re-
spectively. Although prediction accuracy is fairly lowwhen the first two dilemmas are consid-
ered (Figure 3.6(a)), accuracy improves when more dilemmas are added to the model. How-
ever, we observe that certain outliers cause a relatively highMSE.

Regarding maximum skin conductance in the last dilemma answered, Figures 3.7(a) –
3.7(c) illustrate that this feature can be predicted in real-time with relatively low MSE. Simi-
larly to maximum heartrate, we observe that prediction accuracy improves when three dilem-
mas were considered in the model. Interestingly, prediction accuracy tends to slightly drop
when the fourth dilemma is considered in both features, whichmay be a result of model over-
fitting (Figures 3.6(c) & 3.7(c)).

Lastly, when predicting time required to answer the last dilemma, we observe a consis-
tently low predictionMSE. Once more, as Figures 3.8(a) – 3.8(c) illustrate, prediction accu-
racy increases when more than two dilemmas are included in the model.

3.6 Discussion

In this section, we discuss the results acquired from our user study with respect to the experi-
mental goals that have been defined.

3.6.1 Modelling the effect of time pressure

In Section 3.5.1 we observe that the separate modalities that were used to predict the exper-
imental condition yielded different results. In fact, a model trained using only in-game fea-
tures, achieved the highest accuracy accross all classification tasks (84.5%). In contrast, mod-
els trained using only sensor-derived features, showed relatively low classification accuracy

62



(67.9%). When the two feature sets were unified to train a multi-modal model, we achieved a
75% accuracy.

Since time pressure was increased in the experimental group, we expected the retrieved
physiological sensor data to be indicative of that condition. Instead, we notice that the in-
duction of additional time pressure seemed to have more impact on participants’ in-game
behaviour rather than physiology. We believe that a multi-modal approach should still be
preferred in this context; while sensor data did not contribute to the prediction task, it is a
fact that gameplay data needs to be tuned every time a new game is introduced. Even with
relatively low accuracy, we were able to predict the existence of time pressure regardless of
the training scenario currently used by only using sensor data. Thus, we consider sensor data
an important source of affective input, when considering the generalisability of the extracted
models across multiple games and applications.

3.6.2 Cross-modal feature correlation

In an attempt to investigate correlations between different modalities, we ran regression tasks
aiming to predict absolute values of physiological sensor features using only the in-game fea-
ture set, but also predicting in-game feature values using the physiological sensor feature set.
Accurate predictions in this experiment would imply that in cases where one modality is not
available, its feature values could still be derived through the other one. Looking at Table 3.5
and Figures 3.5(a) – 3.5(c), some interesting observations can be made.

In Table 3.5 we observe relatively high mean squared errors when attempting to predict
features accross differentmodalities. More specifically, the prediction of average heartrate and
skin conductance values using only in-game data was proven to be inaccurate, with MSE =
1382 (37.1 BPM) andMSE = 5.4 (2.3 uS) respectively. Similarly, we observe high error values
when predicting the timestamps of maximum heart rate and skin conductance (.04 and .05
respectively). The high error values indicate that the physiological diversity amongst individ-
ual humans makes the implementation of generic models a rather challenging task. However,
when predicting the last value of skin conductance, the MSE value observed is relatively low.
We assume that the negative outcome of the employed crisis scenario, mentioning three ca-
sualties in the fire department force, has caused an increasing trend in the participants’ skin
conductance value towards the end of each game session, leading to higher prediction accu-
racy.

In similar fashion, the bottom section of Table 3.5 illustrates that the prediction of physi-
ological sensor feature values using in-game data also produced inaccurate results. Regarding
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the amount of information read by the players, we observe MSE = 218 (14.7 out of 40 to-
tal information texts). Even though the average time to answer dilemmas shows a relatively
low prediction error, since the majority of the participants managed to complete the scenario
within the time limit, this variable was similar amongst participants (total number of dilem-
mas divided by total game time). As a conclusion, we cannot safely generalise this result as
game- or sensor- invariant, meaning that one modality cannot be employed to make certain
assumptions about the other.

3.6.3 Prediction of absolute values using temporal features

Temporally segmenting our dataset allows us to observewhether values of certain features can
be predicted throughmodels trained on limited data. We chose to predictmaximumheartrate
and skin conductance during the last dilemma answered, as we consider these physiological
sensor features to be the most descriptive of player stress response. We selected to predict the
time required to answer the last dilemma as it represents the core mechanism of the Mayor’s
game.

As Figures 3.6(a) – 3.6(c), 3.7(a) – 3.7(c) and 3.8(a) – 3.8(c) illustrate, the implemented
temporal models show promising results. In all three cases, increasing the time span onwhich
the model is trained by one dilemma, increases prediction accuracy. We observe a low mean
squared error when predicting maximum skin conductance and time required to answer for
the last dilemma, while for maximum heartrate the mean squared error is relatively high.

Maximum heartrate prediction was proven to be a difficult task, given the high mean
squared error observed. A simple explanation could be the high number of outliers in the
dataset, or high diversity amongst different players; we believe the cause is external noise in
the heartrate data. Since the heartrate signal was processed in such a way that every single
heartbeat had to be automatically detected, one false identification of a heartbeat could cause
mismeasurement of the maximum heartrate. In that sense, improvement of the heartrate sig-
nal processing algorithms may improve prediction accuracy.

Looking at the relatively lowMSE in skin conductance and in-game feature, we may con-
clude that measurements collected during the early stages of the game can be employed to ac-
curately predict both player physiological and in-gamebehaviour. This result indicates the fea-
sibility of implementing personalised training scenarios where game content can be adapted
according to the predicted player affective behaviour.
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3.6.4 Self-reporting

In Section 3.5.1 (Table 3.3), we observed a decrease in experimental condition prediction
accuracy when self-report features are included in the model. This observation is supported
by Figure 3.4, which illustrates that both experimental conditions were reported as border-
line positive in the valence scale and relatively high in the arousal scale. In addition, the high
standard deviation in player self-reports indicates that the two experimental conditions were
not perceived as significantly different in terms of induced stress level.

Althoughwe believe that the two conditionswere designedwith a clear difference in game
pace, resulting in high time pressure in the experimental group, one may argue that players
cannot reliably report on scenario-wide metrics only at the end of the experiment. While we
agree with this statement and believe that a periodical in-game self-report mechanism would
yield more reliable results, this was not feasible using the Mayor game’s engine. Lastly, play-
ers reported feeling pressured by time during the control (non-paced) condition, which may
lead to the assumption that the addition of three minutes of game time was not sufficient in
removing the element of time pressure. As a consequence, both experimental conditionsmay
have been perceived similarly in terms of time pressure by the participants.

3.7 Conclusion

This chapter aimed to address ResesarchQuestion 1: How can wemodel player affective states
in applied games? We collected physiological sensor, in-game and self report data from players
during a crisis management scenario game in order to implement models of player affective
behaviour. Our goal was to investigate whether such models can be descriptive enough to en-
able the development of realistic personalised crisis management training scenarios, adapted
to the individual player through stress level manipulation.

To that end,we ran three separate tasks: first, wedividedparticipants in twogroups, where
participants in the control group played a baseline game, while participants in the experimen-
tal group were exposed to artificial stress through time pressure. Through separate classifica-
tion tasks we aimed to indicate which (combination of) modalities performs better at predict-
ing the experimental condition. Second, in an attempt to find correlations between sensor
and in-game data, we ran regression tasks observing whether models trained on one modality
can predict absolute values of features in the other. Third, we segmented our dataset tempo-
rally and implemented models using data collected in the early stages of the game, in order to
predict player affective behaviour in the later stages.
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Results show that the two experimental conditions were not perceived as significantly
different regaring induced stress levels, as reflected in players’ self-reports. However, the in-
duction of stress through time pressure had an impact on physiological measurements, and
mostly, in-game behaviour. We were able to predict the current experimental condition with
67.9% accuracy using a random forest model trained on the physiological sensor feature set,
while achieving 84.5% accuracy when using the in-game feature set. A model trained using a
union of the sensor and in-game feature sets, yielded 75% accuracy. This drop in accuracymay
be caused by the random nature of the model’s algorithm, where an increase in the number
of features can decrease the probability of important features being selected in each iteration.
Adding self-report variables to the feature set did not improve classification accuracy. Despite
not observing a strong correlation between in-game and physiological sensor data, we observe
promising results when predicting future values of features in both modalities. Interestingly,
we were able to predict future values of player skin conductance and in-game measurements
in real-time with relatively low error.

In conclusion, through an applied crisis management game, we are able to implement
predictive models of player affective behaviour under the effects of time pressure.
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4
Multi-modal Study of the Effect of
Information Complexity in a Crisis

Management Game

This chapter addresses Research Question 1: How can we model player affective states in
applied games?
Based on: Blom, P. M., Bakkes, S., & Spronck, P. (2020). Multi-modal Study of the Effect of
Information Complexity in a Crisis Management Game. In GAME-ON 2020.
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In this chapter, we study the effect of information complexity on player in-game be-
haviour and physiological stress responses during a dilemma-based crisis management game.
Similarly to Chapter 3, we run a user study where players attempt to solve a crisis scenario
while their in-game and physiological activity is beingmonitored through game logs andwear-
able physiological sensors. However, we shift our focus away from time pressure and intro-
duce information complexity as the artificial stressor. Information complexity processing is
considered a key cognitive characteristic that can affect human decision making (Svensson,
Angelborg-Thanderez, Sjöberg, & Olsson, 1997). Our results show that information com-
plexity has noticeable effects on players’ decision making and physiological responses, while
moderate correlation was found between specific in-game- and physiology-based behavioural
features.

4.1 Introduction

As presented inChapter 3, theMayor’s game can be employed in order to simulate text-based,
dilemma solving crisis management scenarios. In the present chapter, we present three vari-
ants of a crisis scenario, which involve low, medium and high information complexity. We
run an experiment, where participants attempt to “solve” a crisis scenario which has a pre-
defined information complexity level. The crisis scenario used is similar to the one previously
described in Chapter 3 in terms of scenario context, although adapted with respect to the
amount of information made available to players in the form of scenario texts. We define in-
formation complexity as the total amount of information that is made available to a player as
in-game text, through a varying number of non-player characters (Mayor’s game advisers).

Information complexity processing is part of a specific set of skills that crisis management
experts need to develop and maintain at a high level. Relevant studies have also investigated
teamwork and collaboration (Sagun et al., 2009), strategic planning (Turoff et al., 2005), lead-
ership (Wallace & Suedfeld, 1988), stress resilience (Janka et al., 2015) and information com-
plexity processing (Svensson et al., 1997). It has been shown that the outcomes of crises are
likely to be linked to responders’ personality traits (Wallace & Suedfeld, 1988). Steinrucke et
al. (2019) studied the effect of time pressure as a stressor on players’ analytical skills within
the Mayor’s Game, by analysing data extracted from the experiment described in Chapter 3.
Similarly, their study identifies information complexity as a core characteristic of crisis situa-
tions, and leverages the Mayor’s Game to study player decision making under various levels
of it.
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The main motivation behind this study is the detection of behavioural patterns, with re-
spect to specific information complexity levels. We expect information complexity to have an
observable impact on (1) players’ approach towards solving the crisis scenario, and (2) play-
ers’ (perceived) stress levels during gameplay. To that end, we track player in-game actions
to analyse their decision making processes, while we use physiological sensors and post-game
questionnaires to retrieve objective and subjective measurements of player affect respectively.
In Chapter 3, we argued that a multi-modal approach should be preferred when such user
studies are conducted. Thus, a multi-modal approach is applied in the present study as well.

4.2 RelatedWork

In Section 3.2, we presented several relevant studies from the domains of affective comput-
ing, decision making under time perssure, multi-modal player modelling and crisis manage-
ment training. SinceChapters 3 and 4 are similar in terms of bothmethodology and scientific
goals, the present sectionmostly focuses on explaining why and how information complexity
impacts high-stakes decision making.

First and foremost, information complexity is identified as a main decision stressor along-
side information overload, time pressure and uncertainty (Phillips-Wren&Adya, 2020). Mal-
hotra (1982) discusses that higher data dimensionality causes information overload, which
consequently affects the decision making process. Once humans’ natural information assim-
ilation and processing limits are surpassed, decision making performance becomes confused,
inaccurate and ineffective (Jacoby, 1977). In crisis situations, high-stakes decisions need to be
made efficiently and consistently under dynamic levels of information complexity (Kerstholt
& Raaijmakers, 1997).

Several studies have reported that decision making quality tends to follow an inverted U-
shaped function when the amount of available information is increased (Hahn, Lawson, &
Lee, 1992; Davis & Davis, 1996; Timmermans, 1993; Plumlee, 2003). In particular, Plum-
lee (2003) discusses how financial analysts’ ability to assimilate tax-law changes deteriorates as
the complexity of the laws increase. It is argued that after a certain complexity level, financial
experts see no further benefit in analysing the potential effect of changes in tax-laws. Even
though tax-law changes are not considered crises, errors in tax-law analysis may have a signifi-
cant financial impact on the affected firms. For that reason, we investigatewhether an increase
in information complexity within the context of a crisis produces a similar effect; in the case
of crises, neglection of incoming information can have catastrophic consequences.
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Additional information
Dilemma ID 1 2 3 4 5 Advice

1 = = = - + +
2 = = = + - -
3 = = = + - +
4 = = = + - +
5 = = = - + -
6 = = = + - +
7 = = = + - -
8 = = = - + -

Table 4.1: Setup of our experiment’s crisis scenario. For each of the eight dilemmas provided, addi-
onal informa on were either neutral (=), sugges ng a “yes” answer (+), or sugges ng a “no” answer

(-). Advice was always given in the form of a two to one majority sugges ng a “yes” or a “no” answer.

Svensson et al. (1997) analysed the effect of information complexity on pilots’ mental
workload and performance. Their results show that pilots’ tactical awareness was positively
correlatedwith their informationhandling performance, while pilots’ heart ratewas positively
correlated tomental workload and perceivedmission complexity. More precisely, even amod-
erate complexity of information interfered with the pilots’ task at hand. When information
complexity was further increased, pilots’ performance deteriorated. In contrast with Svens-
son et al.’s study, our study does not incorporate a high-fidelity crisis simulation, but we run
a text-based crisis situation to explore whether information complexity affects users’ decision
making and physiological responses.

4.3 Methodology

In this Section, we will describe the methods used in order to monitor and analyse player
behaviour under various levels of information complexity. We will also indicate how this user
study differs to the one previously described in Chapter 3.

4.3.1 Crisis scenario

The crisis scenario used in this experiment was previously described in Chapter 3. However,
for the purpose of this experiment, the maximum playtime was set at 20 minutes and the
scenario’s dilemmas appeared sequentially in 15 second intervals. These settings ensured that
all participants had enough time to answer every dilemma and read every piece of additional
information. Participants were instructed to answer each dilemma as soon as they believe
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Dilemma section Dilemma text

Dilemma question Are you allowing civilians to assist with the evacuation?
Dilemma description Because of the potential explosion hazard, the CoPI and

ROT plan to evacuate the surrounding area within a ra-
dius of 300 meters around the burning truck.

Information 1 A daycare centre lies within the evacuation radius.
Information 2 It is expected that there will also be parents who want to

pick up the children themselves.
Information 3 An emergency ordinance is being prepared. The police

are sent to the nursery to assist with the evacuation, be-
cause every child care provider is able to attend to atmost
four children.

Information 4 Evacuating is our job. We cannot bear the responsibility
that parents must take risks to help us with the evacua-
tion.

Information 5 The parents might become emotional if we try to stop
them. It is better to let them help with the evacuation.
Many hands make light work.

Table 4.2: First dilemma encountered in the current scenario setup. Experimental condi ons 0, 1 and
2 provide informa on pieces 1, 1–3 and 1–5 respec vely.

they have read enough information tomake a confident decision. For each dilemma, all of the
advisers were visible to the player, butwhether or not they provide the additional information
pieces depended on the experimental condition.

4.3.2 Experimental conditions

Three experimental conditions were designed: Low, medium and high information com-
plexity. These experimental conditions will be referred to as condition 0 (low), condition
1 (medium) and condition 2 (high).

In condition 0, players were providedwith only one piece of additional information from
the advisers. In similar fashion, in conditions 1 and 2 players were provided with three and
five pieces of additional information respectively. Table 4.1 illustrates the distribution of ad-
ditional information. For each dilemma, the first three pieces of additional information were
designed to be neutral, meaning that the information did not bias the player towards a posi-
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tive or negative answer. However, the fourth and fifth pieces of additional informationwould
suggest either a negative (no) or a positive (yes) answer. Regardless of experimental condition,
for each dilemma, only three advisers would respond with advice in the shape of a “thumbs
up” or “thumbs down”. There was always a two to one majority towards a positive or nega-
tive answer to the specific dilemma (see last column of Table 4.1). The advisers that provided
additional information and on-demand advice were randomised. However, we ensured that
advisers would not provide contradicting additional information and on-demand advice (pos-
itive to negative and vice-versa). An example dilemma is illustrated in Table 4.2.

4.3.3 Data collection

97 participants (29 male, 68 female) were recruited from Tilburg University’s student partic-
ipant pool, with an average age of 21.55 years (sd = 3.37 years). Due to sensor recording
failure, 18 out of 97 participants were excluded from the dataset. This resulted in 81 valid par-
ticipants (25male), out of which 26were allocated to condition 0, 25 allocated to condition 1,
and 30 allocated to condition 2. Before playing theMayor’s Game crisis scenario, participants
were given a presentation describing the goals of the study and the mechanics of the game.

In order to collect physiological sensor data, Shimmer3 GSR+ sensors were used. In simi-
lar fashion to Chapter 3, players’ heart rate and skin conductance were recorded during game
play. Sensor sampling rate was set at 20 Hz. For every participant, a two minute baseline
measurement (resting state) of physiological activity was collected. Baseline data collection
enables the comparison of physiological data between participants. Along with physiological
data, in-game activity was logged by the game engine and provided in XML format. Lastly,
post-game questionnaires were submitted by the participants, providing scoring of their expe-
riences in the valence-arousal-dominance scale (Russell, 1980). This scale has previously been
used for stress level assessment in combination with physiological sensor data (Duru, Duru,
Barkana, Sanli, & Ozkan, 2013).

From the collected in-game and physiological data, several features were extracted. These
features have been described in detail previously in Chapter 3. The raw heart rate signal was
processed using the Heartpy (van Gent et al., 2019) python library, while the raw skin con-
ductance signal was processed using the Biosppy (Carreiras et al., 2015) python library.
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Dilemma ID
1 2 3 4 5 6 7 8

Condition
0 13(11) 11(8) 14(8) 13(6) 14(10) 20(12) 16(9) 14(6)
1 9(5) 12(10) 11(10) 12(9) 10(9) 18(17) 12(5) 11(3)
2 9(4) 10(7) 9(6) 5(4) 11(9) 11(11) 13(7) 11(2)

Table 4.3: Total number of par cipants that requested advice (yes or no) per dilemma, for each exper-
imental condi on. In paretheses, the total number of par cipants that followed the given advice.

4.4 Results

In this section, we present the results acquired from experimentation. We divide results in
three categories; in-gamebehaviour related, player affect related, and a correlation test between
the two modalities.

4.4.1 In-game behaviour

Regarding in-game behaviour, we explore how information complexity affects participants’
interactions with the Mayor’s Game in three major aspects of the game:

1. Participant answers:

Figure 4.1 illustrates the percentage of “yes” answers given by all participants per
dilemma, in each experimental condition. Our first observation is that in four out of
eight dilemmas, participants in different experimental conditions have shifted from a
majority in “yes” answers to a majority in “no” answers and vice-versa. More specifi-
cally, in dilemmas 1,2,4 and 7 the majority of answers has shifted along with the com-
plexity of provided information.

Furthermore, looking at Table 4.3, we observe the total number of participants (per
dilemma) that requested advice from the advisers, in each experimental condition. In
parentheses we indicate the number of participants that followed the advice (answered
according to the advice majority). A Kruskal-Wallis statistical test showed no statistical
significance in the number of participants that followed the given advice across experi-
mental conditions (s = 0.91, p = 0.63). In all conditions, most participants tended to
follow the majority of the advisers’ suggestions.

2. Additional information read:
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Figure 4.1: Percentage of par cipants that gave “yes” answers per dilemma, for each experimental
condi on.

In conditions 0, 1 and 2 participants had (optional) access to one, three and five pieces
of additional information from the advisers respectively. We expected that participants
in different conditions would interact differently with the advisers’ additional informa-
tion. Indeed, fromFigure 4.2we canobserve that participants in condition 1 read 100%
of the provided additional information on average, while in condition 2 they consulted
less additional information than in the other two conditions. A Kruskal-Wallis signifi-
cance test has shown a significant difference in the number of additional information
read in condition 2. (s = 7.77, p < 0.05). On average, participants took 56.9, 97.0
and 92.4 seconds to answer each dilemma in conditions 0, 1 and 2 respectively. This
means, that even though participants had access to the fourth and fifth additional in-
formation in condition 2, most of them chose to proceed to giving an answer without
consulting those.

3. Advice requested:

Given that participants in different conditions had access to a different number of ad-
ditional information pieces, we expected information complexity to affect the number
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Figure 4.2: Percentage (out of total number available) of addi onal informa on read per dilemma, for
each experimental condi on. Values greater than 1 mean that addi onal informa on pieces were
re-visited and re-read by par cipants.

of participants that requested advice from the advisers. Table 4.3 illustrates the total
number of participants that requested advice per dilemma, in each experimental condi-
tion. We observe a tendency of participants in condition 0 to ask for advicemore often,
given the low information complexity. A Kruskal-Wallis significance test has shown a
significant difference in number of times advice was requested across all experimental
conditions (s = 16.0, p < 0.001).

4.4.2 Player affect

Player affect was analysed through two separate modalities, namely post-game questionnaires
and physiological sensor data. From post-game questionnaire answers, we analyse partici-
pants’ scores on three variables: valence, arousal, and dominance. Each variable was scored on
a scale from 1 (low) to 9 (high) using the self-assessment mannekin (Bradley & Lang, 1994)
illustrated in Figure 10.1 of the Appendix. Looking at Table 4.4, we observe no statistical sig-
nificance across experimental conditions for these three variables. They were similarly scored
by participants across the three experimental conditions.
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Feature Condition μ σ2 s p

valence
0 5.8 1.4

1.0 0.581 6.0 1.2
2 5.6 1.4

arousal
0 4.0 1.6

0.48 0.781 3.8 1.4
2 3.9 2.0

dominance
0 5.6 1.3

2.3 0.301 5.9 1.5
2 5.1 1.8

diffSC
0 2.7 2.3

11.4 < 0.011 9.1 7.8
2 3.5 3.5

shiftSC
0 1.2 2.4

16.3 < 0.0011 8.3 7.9
2 1.5 4.0

Table 4.4: Player affect related features across condi ons, described by mean and standard devia on,
and tested for sta s cal significance through a Kruskal-Wallis test (significant difference found in
condi on 1).

Regarding physiological sensor features, we ran statistical tests for avgHR& avgSC (aver-
age heart rate & skin conductance), diffHR& diffSC (subtraction of maximumminus min-
imum HR & SC), shiftHR & shiftSC (subtraction of last minus initial value of heart rate
and skin conductance) and tsMaxHR, tsMinHR, tsMaxSC& tsMinSC (timestamps of max-
imum/minimumheart rate and skin conductance). diffSC and shiftSCwere the only features
that showed statistical significance across different experimental conditions, and are included
in Table 4.4. While participants in conditions 0 (low information complexity) and 2 (high
information complexity) showed relatively stable physiological responses (low standard devi-
ation), participants in condition 1 (medium information complexity) showed significantly
more variation in their physiological responses, as described by these two features.

4.4.3 Cross-modal correlation

We investigated correlation between features that belong to differentmodalities. While explor-
ing the effects that information complexity has on each modality separately, we also investi-
gated whether the effects are shared across individual modalities. We collected in-game and
physiological sensor features during each dilemma answered by the participants along with
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Figure 4.3: Correla on matrix of in-game, physiological sensor and ques onnaire-related features.
Each measurement is the average value across all dilemmas.

their questionnaire scores, and created a correlation matrix of these features (see Figure 4.3).
In Figure 4.3 we observe correlation between various physiological sensor-related features.

Moreover, there is a moderate (coeff > 0.3 or < −0.3) linear correlation between the in-
game feature tToAns (time required to answer dilemma)with the physiological sensor features
minHR (minimum value of heart rate, coeff = 0.36), diffHR (difference between minimum
and maximum value of heart rate, coeff = 0.37), diffSC (difference between minimum and
maximum value of skin conductance, coeff = 0.40). We point out that time required to an-
swer a dilemma was measured as a percentage of total game time, to normalise measurements
across participants.

4.5 Discussion

In this section, we discuss the results obtained through experimentation. We identify how
information complexity has affected both players’ in-game behaviour and affective state, while
indicating how these findings can be employed to supplement crisis management training
through the Mayor’s Game.
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4.5.1 In-game behaviour

Table 4.3 and Figure 4.2 illustrate how differences in information complexity cause a shift in
players’ decision making processes. As Table 4.3 shows, the lack of additional information
during gameplay, encouraged players to consult the advisers significantly more (condition 0)
than in the other two conditions.

One may argue that this is the expected behaviour, however, Figure 4.2 shows that an in-
crease in information complexity is not necessarily followed by an increase in the amount of
information read by the participants. Participants in condition 2 read approximately 75% of
the additional information provided, showing that inmost cases, 75% of the information pro-
vided is enough for them to reach a final decision with confidence. These findings are in line
with past relevant studies (Timmermans, 1993; Plumlee, 2003). In real-life crises, neglection
of incoming information can lead to communication gaps, which may harm the efficiency
of crisis management (Palttala, Boano, Lund, & Vos, 2012). However, through a crisis sim-
ulation game, after identifying the amount of information deemed necessary for efficient de-
cision making, the next step would be to indicate how information could be structured and
communicated so that all involved parties are equally regarded. Towards that goal, we ulti-
mately aim to design adaptive crisis management training scenarios, where the structure and
source of incoming information will be based on the players’ current information processing
performance.

Moreover, Figure 4.1 illustrates how participants’ average answer to each dilemma may
shift across the three experimental conditions. Not only can information complexity affect
the dominant answer type (dilemmas 1, 2, 4 and 7), but the average participant answer in con-
dition 1 tends to follow the condition with dominant majority in each dilemma. This leads
us to the conclusion that even if there is no right or wrong answer to a dilemma, various lev-
els of information complexity have a significant effect on crisis responders’ approach towards
answering it. Such inconsistency in decisionmaking can also be a major cause of sub-optimal
crisis management response.

From the above observations and in the context of the present study, we conclude that
condition 1 incorporates a level of information complexity that leads to confident decision
making; participants in condition 0 consult their advisers to retrievemore information, while
participants in condition 2 avoid consulting them.

78



4.5.2 Player affect

Regarding participants’ affective state, no significant difference was found in post-game ques-
tionnaire scores regarding the valence-arousal-dominancemodel across different experimental
conditions. This finding can be explained by the low-fidelity nature of the Mayor’s Game. A
text based game with a “static” non-playing character (NPC) setup does not seem to have a
strong effect on player emotions, as would be expected in a real-life crisis. This result is in line
with the results presented in Chapter 3.

However, we expect physiological sensor measurements to enable a more fine-grained
analysis of player affect. In fact, Table 4.4 indicates that two skin conductance-related fea-
tures, namely diffSC and shiftSC, differed significantly across experimental conditions. More
specifically, participants in condition 1 have significantly higher averagemeasurement in both
variables, meaning that that the difference between theminimumandmaximum skin conduc-
tancemeasurement and the difference between the initial and final skin conductancemeasure-
ment was significantly higher.

From this observation, we may assume that the level of information complexity in con-
dition 1 caused a distinguishable physiological response from the players. While we cannot
draw conclusions on whether this response derives from experienced stress, excitement, un-
certainty or any other aspect of human cognition, we believe this result is worthy of further
investigation. Identifying the source of this subtle effect, may be employed towards increasing
the fidelity of virtual crisis management training scenarios. Moreover, the moderate correla-
tion between diffSC and the average time taken to answer dilemmas (see Figure 4.3), indicates
that there is a relationship between players’ playstyle and their physiological responses.

4.5.3 Condition 1

By assessing the aforementioned results and observations, we identify condition 1 as a salient
condition. Participants in condition 1 show a difference in playstyle, which includes not only
the patterns in which they process information before answering dilemmas, but also partic-
ipants’ answers themselves. In condition 1, participants consulted 100% of the additional
information provided by the involved advisers. This pattern was not observed in condition 2,
despitemore information pieces being available to the players. In a real-life crisis scenario, uni-
form decision making and coordination of communication are needed (Palttala et al., 2012).
To that end, we claim that participants in condition 1 were the highest performing on aver-
age, in terms of additional information processing. However, this does not mean that partic-
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ipants in other groups underperformed; an increase in information complexity (condition 2)
may cause higher uncertainty, which the participants seem to avoid. Furthermore, physiolog-
ical sensor data has shown that condition 1 causes a significant increase in skin conductance-
related values, indicating that information complexity can have an effect on player physiology.
Lastly, since a moderate linear correlation between in-game and physiological behaviour was
observed, we believe that a multi-modal approach should be preferred in the context of this
study.

4.5.4 Limitations

As this study’s results show, information complexity has affected players’ playstyle more than
their physiological responses. In an attempt to extract player subjective scorings of affect
through the valence-arousal-dominance module, we observe no significant differences across
experimental conditions. The low fidelity nature of the Mayor’s Game seems to have a mild
impact on player affective state, regardless of experimental condition. That being said, we
acknowledge that crisis management training scenarios through the Mayor’s Game should
mostly focus on player decision making and information processing instead of providing a
realistic, immersive crisis management experience.

Lastly, with this study’s participant pool consisting of university students, we recognise
that results may vary when actual crisis responders are put under experimentation. We expect
experienced experts to have developed specific decisionmaking skills, probably decreasing the
observed variety across experimental conditions. However, expertsmay relate to the scenario’s
texts more intimately, which could have noticeable effects on their physiological and affective
responses.

4.6 Conclusion

In this chapter, we presented a multi-modal study of player decision making under various
levels of information complexity. Our goal was to determine whether, and to what extent
information complexity can affect not only player playstyle, but also their physiological re-
sponses during gameplay.

Using the Mayor’s Game, we ran an experiment in three separate conditions: low,
medium and high information complexity. During gameplay, we collected game-generated
logs to monitor player in-game behaviour, while at the same time measured players’ physio-
logical responses through wearable physiological sensors. Moreover, we requested players’ ob-

80



jective affect scoring through post-game questionnaires, using the valence-arousal-dominance
model. We ran statistical analyses on the collected dataset, to identify patterns of player deci-
sion making that correlate to the level of information complexity presented to them.

Results show that players didnot perceive the three conditions differently in terms of expe-
rienced affect, as shown from the analysis of the questionnaires. However, we have identified
that under the medium information complexity condition, participants’ in-game and phys-
iological behaviour significantly varies with respect to the other two conditions. Players in
the medium information complexity condition tend to read 100% of the game’s provided in-
formation pieces, whereas participants in the high information complexity condition tend to
read less information, despite more being available to them. Furthermore, participants in the
medium information complexity condition show significantly higher variance in specific skin
conductance-related features, indicating a higher impact in player’s physiological responses,
with respect to the other two conditions. Lastly, moderate correlation was found between
heart rate and skin conductance-related features and players’ in-game actions.

Our long-term aim is to provide crisis management experts with an adaptive, personalised
crisis management training environment. Our main focus in future studies is to drive crisis
responders towards uniformly distributed information processing, while maintaining consis-
tency in their decision making.
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5
Andromeda: a Personalised Crisis

Management Training Toolkit

This chapter addresses Research Question 2: How can we employ models of player affective
states to provide personalised applied game experiences?
Based on: Blom P.M., Bakkes S., Spronck P. (2019) Andromeda: A Personalised Crisis
Management Training Toolkit. In: Liapis A., Yannakakis G., Gentile M., Ninaus M. (eds)
Games and Learning Alliance. GALA 2019. Lecture Notes in Computer Science, vol 11899.
Springer, Cham. https://doi.org/10.1007/978-3-030-34350-7_14
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In this chapter, our main focal points are player stress response modelling and automated
crisis management training adaptation. Similarly to Chapters 3 and 4, we employ physiolog-
ical sensors to measure user stress responses while we enable real-time training scenario mon-
itoring and adaptation through a remote dashboard application. We introduce Andromeda,
a toolkit designed to allow remote-access, real-time crisis management training personalisa-
tion through an applied game. Andromeda consists of a browser-based dashboard which en-
ables real-timemonitoring and adaptationof crisismanagement scenarios, and a remote server
which securely stores, analyses and serves training data. We discuss Andromeda’s design con-
cepts and present how this toolkit may facilitate crisis management training.

5.1 Introduction

Traditional crisis management training is a paper-based, collaborative dynamic exercise
(Bacon et al., 2013). During training, a team of crisis responders are alerted and introduced
to a simulated crisis scenario which they have to “solve” rapidly through efficient teamwork.
Such training sessions are held frequently so that crisis responders are aware of all the possible
threats and maintain a high level of preparedness (Kleiboer, 1997).

Games have been used as a medium for crisis management training for decades. After
World War II, military games were developed at Harvard University and Massachusetts In-
stitute of Technology to study the military and political dimensions of crisis management
(Kleiboer, 1997). Inmore recent years, especially after ‘9/11’, nation-wide crisis management
simulations have been run in order to prepare both governmental and local safety agencies for
terrorist threats (Helsloot, 2005). As a natural consequence, researchers have been investigat-
ing ways in which crisis management exercises could be conducted via computer simulations.

In Chapters 3 and 4, we identified two weaknesses in the classical crisis training scheme.
The first weakness is that often training sessions fail to induce a high amount of stress in

the trainees, as expected to happen in a real-life crisis situation. Ideally, crisis management
training involves several highly stressful components (e.g. information complexity, time pres-
sure, peer/media/public pressure, etc.). Even though such components are often included in
the training scenarios, training sessions are focused on trainee decision making, meaning that
the effect of such stressors is given little attention.

The second weakness is that trainees tend to receive limited individual-level feedback on
their performance, which is mainly due to the training scheme’s collaborative nature. Trainee
assessment is mostly done at team-level, which means that trainee performance may not be
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Trainer (Dashboard)
Remote server

Trainee (Game)

Physiological sensors

trainer feedback

analysed in-game/

physiological data

raw in-game/

physiological data

game adaptation

bluetooth

Figure 5.1: Andromeda’s architecture design. Two remotely located computers run the monitoring
dashboard and Mayor’s game respec vely, while they both independently connect to the remote
server. The physiological sensors are connected to the computer running the Mayor’s game via blue-
tooth.

measured individually, butwith respect to the contribution to the overall team’s performance.
This chapter aims to address the above two weaknesses. First, to study the effects of

stress-inducing mechanisms during training sessions, we monitor individual trainee opera-
tional performance and stress responses through a real-time monitoring dashboard, called
‘Andromeda,’ and wearable physiological sensors. Second, in order to shift the focus of
crisis management training towards the individual trainee, we provide a personalised crisis
management training environment through adjustable in-game components and just-in-time,
individual-level feedback.

For the present study, we employed a version of theMayor’s game which is different from
theoneused inChapters 3 and4. In thepreviouslyused (“static”) versionof theMayor’s game,
scenario texts, timings and avatar appearances were pre-defined before the start of the game.
The current (“dynamic”) Mayor’s game engine allows online, real-time adaptation of these
game components through aback-endmessagebroker software componentwhich allowsdata
exchange between the game and external applications. Thismeans that we are not only able to
monitor player interactions with the game in real time, but that we can also manipulate game
components to steer the training scenario towards a desired setting. Referring to Chapter
2’s Figure 2.1, the present chapter discusses the game personalisation part of the personalised
crisis management training framework.
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5.2 RelatedWork

Walker et al. (2011) discuss the usability and efficiency of virtual crisis management systems
(CMSs). They describe crises as unique multi-variable entities, defined by location, affected
population and relevant support organisations. These variables are continuously changing
over time and are difficult to predict in advance. Moreover, they define four categories which
can be fulfilled through crisis management games: teaching, operations, training and exper-
imentation. This chapter focuses on the latter two, training and experimentation; through
Andromeda we aim to improve the performance of crisis management trainees by analysing
their decision making processes under stressful conditions.

Researchers identify four major functions that crisis management information systems
should implement: data collection, data storage, data processing and analysis, and data trans-
fer and distribution (Ristvej & Zagorecki, 2011). One of the main goals of these information
systems is to maintain crisis responders’ preparedness at the highest level. To that end, vari-
ous types of information systems have been designed, including document and data sharing
tools, geographical information systems, early warning systems, training applications and de-
cision support systems (Ristvej & Zagorecki, 2011). We identify Andromeda as a training ap-
plication; it facilitates the collection, storage, analysis and distribution of crisis management
training data, which can be used by trainees to maintain a high level of preparedness.

Stolk et al. presented GAMMA-EC (Stolk et al., 2001). The purpose of GAMMA-EC
is to facilitate environmental crisis management training staff in terms of decision making
and communication. Similarly toAndromeda,GAMMA-EC’s target users are administrative
groups, such as regional crisis units and field command centres. GAMMA-EC uses pre-built
crisis scenarios for training, and employs a centralised server architecture that connects various
modules to each other. For example, a session simulation module was built to control the
training scenario’s flow, while a player module was used to visualise the scenario and allow
trainees to take action. We employ a similar architecture in Andromeda in order to facilitate
real-time one-on-one trainee and trainer interaction.

Recently, the COVID-19 pandemic has urged researchers to implement at-home stress
management solutions. For example, Leonidis et al. (2021) present two applications that use
real-timewearable physiological sensor data to a) facilitate users to copewith daily stress andb)
monitor their sleep quality. Although not crisis management related, the above applications
are excellent examples of how ubiquitous signals can be monitored and analysed remotely
through wearable devices, in order to provide personalised feedback to the end users. In a
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more high-stakes context, Bouchard et al. (2012) showed how additional stress management
training facilitated soldiers in reducing their stress levels during a live-simulated ambush. In
order to achieve that, the study used a horror/first person shooter video game to prepare the
soldiers before running live training sessions. Through Andromeda we aim to provide high-
stress crisis management training sessions, which may ultimately help responders in better
managing their stress during a real-life crisis situation.

5.3 Approach

We have implemented Andromeda, a personalised crisis management training toolkit, based
on crisis scenarios built for the Mayor’s game. Andromeda includes a web-based monitoring
and adaptation dashboard, and a remote data server. Andromeda is designed towards fully
remote crisis management training through a centralised architecture; in-game and physio-
logical data that are generated during training are sent and stored on a remote server. The
remote server undertakes the task of analysing the data and sending it to themonitoring dash-
board, throughwhich adaptations to training scenarios canbemade in real-time. TheMayor’s
game and trainer dashboard can be run on separate remote locations, connected to the server
through persistent two-way connections. The physiological sensors are attached to the trainee
and communicate to the remote server through the trainee’s computer via a bluetooth connec-
tion. A graphical explanation of Andromeda’s architecture is illustrated in Figure 5.1. Below,
we present a detailed description of each of Andromeda’s main features.

5.3.1 Trainee monitoring and training personalisation dashboard

The traineemonitoring and training personalisation dashboard allows trainers to observe and
dynamically adjust crisis management training sessions to the individual trainee, and is illus-
trated in Figure 5.2.

The dashboard isweb-based and runs on anymodernwebbrowser. Looking at Figure 5.2,
we identify four main features:

• Training session controls

Inorder to allow fully remotemonitoringof each training session,weprovide anumber
of basic controls. In the dashboard’s top bar (coloured area), trainers can select the
current user (trainee) fromadropdownmenu. Using the four buttons on the right side,
trainers can either (1) start training sessionmonitoring, (2) stop/pause training session
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Figure 5.2: Andromeda’s trainer dashboard, during a crisis management training session. The par c-
ipant’s physiological responses are illustrated in the top third of the dashboard, followed by in-game
monitoring (middle third) and adapta ons (bo om third).

monitoring, (3) save the current training session’s data to the remote server and (4)
change the dashboard’s settings (change the data request interval and line chart range).

• Physiological data visualisation

We aim to manipulate trainee stress levels, in order to achieve a realistic crisis manage-
ment training environment. To that end, we offer trainers the possibility of monitor-
ing trainee physiological measurements, including heart rate and skin conductance. In
the top third of the dashboard (labelled “Physiological”), two line charts are used to
visualise the trainee’s physiological measurements (heart rate and skin conductance).
For these two signals, baseline measurements are extracted before the start of the train-
ing sessions, and are illustrated by a horizontal grey line in each respective line chart.
Moreover, the current heart rate and skin conductance are illustrated through a large
coloured text on the right side. We expect the provision of information on trainee phys-
iological measurements to guide trainers towardsmore effective training scenario adap-
tations.

• In-game action tracking
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Apart from monitoring trainee physiological measurements, we provide information
on the trainee’s in-game actions. Since trainers can monitor training sessions remotely,
it is important for them to have an overview of the current crisis management training
scenario. In the middle third of the dashboard (labelled “In-game”), we have imple-
mented a timeline (left side) which visualises the trainee’s in-game actions. For each
dilemma that is answered, a circle is added to the timeline, which the trainer can hover
over to retrieve detailed information on that dilemma’s metrics (dilemma title, selected
answer, dilemma completion time, time required to answer, number of adviser infor-
mation read, whether advice has been requested). On the right side, three progress bars
illustrate overallmetrics on the entire training scenario (number of dilemmas answered,
number of adviser information read, number of times that advice was requested).

• Adaptation options

One of Andromeda’s goals is to create a personalised crisis management training en-
vironment. To that end, we allow trainers to adjust certain in-game variables, in or-
der to tailor the current training session to the trainee’s physiological and in-game be-
haviour. In the bottom third of the dashboard (labelled “Adaptations”), trainers can
use a text box to write and send a custom message to the Mayor’s Game which will
appear as a pop-up to the trainee. This text box can be used by trainers to provide
real-time, individual-level feedback to the trainees. On the middle and right side, train-
ers can adapt the scenario pace (speed in which adviser information is presentented to
the player) and the scenario workload (amount of adviser information presented to the
player). The scenario pace and workload adaptation options derive from the findings
of Chapters 3 and 4, respectively.

5.3.2 Remote Server

Andromeda’s remote server is built to receive, analyse, securely store, and serve all the data rel-
evant to the training scenario. This includes physiological sensor data, player in-game actions
and trainer dashboard interactions.

Specifically, as illustrated in Figure 5.1, the trainer dashboard can either communicate to
the remote server to receive training session data or dynamically adapt the training scenario.
The trainee’s computer can either send in-game and physiological data to the remote server, or
receive in-game adaptations (generated by the trainer). The raw physiological signals, received
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from the sensors, will be filtered and analysed by the remote server before being sent to the
trainee dashboard.

It is important to note that every data block sent or received by the remote server is labelled
with a timestamp, to allow synchronisation of data between the three data channels (Mayor’s
game, trainer dashboard and physiological sensors). This way, the completed training scenar-
ios can be re-run and the generated data can be analysed in scientific studies.

5.3.3 Physiological sensors

We employ physiological sensors tomonitor trainee physiological stress responses. Our goal is
to provide trainers with realistic, personalised crisis management training scenarios based on
stress level manipulation. We expect training scenario adaptations generated by the trainee to
have an impact on trainee stress levels. Similarly to the previous chapters, we have selected to
use the Shimmer3 GSR+ wearable physiological sensors. Apart from physiological data col-
lection, these sensors enable real-time data collection through a built-in bluetooth transmitter.
The raw sensor data were received from the trainee’s PC and transmitted to the remote server
through a Python script.

5.4 Evaluation

As a proof-of-concept evaluation of Andromeda, we conducted an interview with four cri-
sis response experts, all members of Veiligheidsregio Twente (Twente Security Region, VRT).
During the interview, the crisis response experts were given a demonstration of Andromeda’s
functionalities, along with an example crisis scenario in the Mayor’s Game. The interview
revolved around three main focal points: (1) interface design and user experience, (2) adapta-
tion mechanisms and (3) applicability within the current crisis management training scheme.
The conversation was lead by the main author and elicited by general questions (e.g. “(Un-
der what circumstances) would you find this toolkit useful for crisis management training?”).
The interview was recorded in the form of an audio file.

Regarding Andromeda’s interface design and user experience, the experts’ feedback was
positive. In particular, the simple and modern design of the adaptation dashboard made it
easy to follow the progress of the ongoing crisis scenario. However, particular suggestions
were made with regards to the visualisation of trainee physiological measurements (heart rate
and skin conductance). Crisis response experts indicated that visualising trainees’ physiolog-
ical signals yields no information to the trainer, because of their lack of assessment of the
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physiological signals’ values. They felt they were unable to assess whether a certain amount
of heart beats per minute is lower or higher than optimal. As a potential solution, it was sug-
gested that the “raw” physiological measurement values were aggregated in an assessment of
trainee stress levels: Low, normal or high stress, based on the current and past measurements
for each particular trainee.

The possibility to adapt the crisis scenario’s pace and the crisis scenario’s workload were
evaluated as valid stressor mechanisms. In fact, crisis experts indicated that these two mecha-
nisms are already incorporated in the current crisis management training scheme. It was indi-
cated that “light”workload (meaning less information to be processed by the trainee)may not
necessarily cause a decrease in the trainee’s stress levels. The reason is that both information
overload (too much information to process) and underload (too little information to make a
confident decision) can result in heightened stress levels during a crisis. These indicationswere
in line with the results of Chapter 4, where the level of information complexity was shown to
have significant impact on players’ in-game and physiological behaviour.

With respect to the potential applicability of Andromeda into the current crisis man-
agement training scheme, the crisis experts’ were highly critical. They did not find appeal
in real-time crisis management scenario monitoring. Instead, they suggested that the dash-
board should be designed towards post-training assessment and adaptation,whichmeans that
trainees’ in-game and physiological data should be presented using the dashboard after a train-
ing session has finished, in order for trainers and trainees to discuss training progress. Upon
identifying points of potential improvement for the trainee, trainers can then suggest changes
to the scenario’s texts, pacing and workload, to be applied in the next training session. Lastly,
experts suggested that the ability to compare different training sessions to each other would
be highly valuable for long-term training monitoring. Ultimately, the above re-design sug-
gestions of the Andromeda dashboard are feasible with a considerable amount of technical
effort.

5.5 Limitations

We identify two main limitations regarding Andromeda’s practical application.
Firstly, this study mostly discusses crisis management training through decision making

games such as theMayor’sGame. We consider theMayor’sGame a low-fidelity game, since its
text-based design cannot yield a highly realistic simulation of a real-life crisis. For that reason,
we identify Andromeda as a tool which does not aim at replacing the current crisis manage-
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ment training scheme, but becoming a supplement of it. However, both Andromeda’s dash-
board and remote server are designed with generalisability inmind; with relatively little effort,
they can be adapted to any type of game.

Secondly, remote crisis management training may prove to be a challenging task. Cri-
sis management trainers and/or trainees may lack basic computer training skills, resulting in
incorrect use of the dashboard and/or game engine, or misplacement of the physiological sen-
sors. This can result in sub-optimal training conditions, so researchers should ensure that
the crisis management staff is provided with proper tutoring regarding dashboard, game and
physiological sensor usage.

Lastly, addressing Research Question 2: “How can we employ models of player affective
states to provide personalised applied game experiences?” ; we acknowledge that in order to con-
cretely answer this question, we require a longitudinal studywhere crisis management experts
train using the frameworks presented in the present chapter and chapter 2. However, through
these two chapters, we believe that we have set the foundations towards reaching the answer.
We indicated the appropriate components and proposed solid, generalisablemethods in order
to provide adaptable crisis management training through affective user models.
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6
Towards Multi-modal Stress Response
Modelling in Competitive League of

Legends

This chapter addresses Research Question 3: How can we model player affective states in
entertainment games?
Based on: P. M. Blom, S. Bakkes and P. Spronck, ”Towards Multi-modal Stress Response
Modelling in Competitive League of Legends,” 2019 IEEE Conference on Games (CoG), 2019,
pp. 1-4, DOI: 10.1109/CIG.2019.8848004.
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From this chapter onwards, we shift our focus away from applied games, and explore
player affect modelling within the context of entertainment games. While player stress is the
present chapter’s target affective state, Chapters 7 and 8 focus on player engagement and ten-
sion respectively. Here, as well as in Chapter 8, we specifically focus on competitive entertain-
ment games, also known as Esports.

With the constant rise in popularity of competitive video gaming, Esports analytics has
been a field of growing scientific interest in the recent years. Studies discussing player be-
haviour, skill learning and team performance have been conducted through Multiplayer On-
line Battle Arena (MOBA) games such as League of Legends (LoL). In this chapter, we pro-
pose a multi-modal approach towards stress response modelling in competitive LoL games.
We collect wearable physiological sensor data, mouse & keyboard logs and in-game data in
order to study the relationship between player stress responses and in-game behaviour. We
discuss the design criteria and propose future studies using the collected dataset.

6.1 Introduction

LeagueofLegends (LoL), developedbyRiotGames, has become a leadingEsports title, amass-
ing over 100 million monthly active users in 2016 (Kollar, 2016) and over 6 million U.S. dol-
lars as prize money for the 2018 LoL World Championship (Liquipedia, 2018). However,
MOBA games remain largely unexplored with respect to player behaviour modelling (Mora-
Cantallops & Sicilia, 2018b).

In recent studies where player behaviour is analysed through Multiplayer Online Battle
Arena (MOBA) games, researchersmake a clear distinctionbetween in-game andout-of-game
player skills, where in-game skills refer to mechanical expertise such as avatar and game inter-
face control (Donaldson, 2017), and out-of-game skills derive from cognitive aspects such as
cooperation (Rambusch, Jakobsson, & Pargman, 2007), tacit communication (Y. J. Kim et
al., 2017) and player experience (Mora-Cantallops & Sicilia, 2018a).

In this study we build amulti-modal dataset, throughwhich we enable the exploration of
relationships between in-game and out-of game elements of player behaviour. More specifi-
cally, during competitive LoL games, we use mouse and keyboard tracking as well as in-game
statistics to monitor players’ in-game performance, while we measure player stress responses
through wearable physiological sensors. Chapters 3 and 4 explored the relationship between
player physiology and decision making; similarly, in this chapter we aim to study how player
stress levels can be detected through multiple modalities.
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We have conducted a preliminary study in which we explore whether a set of keyboard
and mouse activity monitoring features can be correlated to moments of heightened stress;
we then employ this set of features in order to implement a predictive model that aims at
detecting such moments throughout the course of a competitive game.

6.2 RelatedWork

We have found few relevant studies in the field of player stress response modelling during
competitive gaming. Below, we present studies on both serious and competitive games which
discuss players’ cognitive performance, including monitoring of players’ stress responses.

6.2.1 Multi-modal stress response modelling

When analysing humans’ stress responses, multi-modality has been indicated as the preferred
approach (Holmgård et al., 2015; Carneiro et al., 2012). Carneiro et al. (2012) developed a
system for non-invasive multi-modal stress detection, using an arithmetic task mobile game.
Players were asked to make mathematical calculations under heavy time pressure. Results
show a strong correlation between the amount of experienced stress and players’ interaction
patterns with the mobile device. In our study, we hypothesise that heightened player stress
levels may correlate to players’ in-game performance, as measured through in-game statistics
and mouse & keyboard usage patterns. We expect that players’ performance peaks when an
optimal stress level is achieved, but decreases if that threshold is exceeded. To that end, we
choose to build a multi-modal dataset through which this hypothesis can be addressed.

Several studies have particularly focused on stress response modelling through keyboard
and mouse activity monitoring. For example, Lim et al. (2014) model students’ stress and
cognitive load through mouse and keyboard use monitoring, with the ultimate goal of build-
ing a personalised e-learning system. Similarly, Pepa et al. (2020) and Gunawardhane et al.
(2013) monitor keyboard and mouse use in order to build generalisable models of user stress.
The set of features extracted in the two aforementioned studies have inspired selection of fea-
tures that is presented in this chapter. Lastly, in this chapter we will attempt to model player
stress through mouse and keyboard activity logs using a Random Forest classifier, an estima-
tor which has been previously applied in a similar study with relatively high accuracy (H. Liu,
Fernando, & Rajapakse, 2018).
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6.2.2 Cognitive performance ofMOBA players

MOBAgame related studies have shown that there is a strong correlationbetweenplayers’ cog-
nitive and in-game performance (Aung et al., 2018; Stafford, Devlin, Sifa, & Drachen, 2017;
Bonny, Castaneda, & Swanson, 2016). More specifically, Bonny et al. (2016) examined the
correlation between cognitive and in-game player skills, revealing that players with higher lev-
els of MOBA gaming expertise respond faster to decisions that rely on spatial memory. They
suggest game research to be conducted in gaming tournaments, where researchers can gain
access to gaming experts. Based on the latter, we have chosen to build our dataset within an
official LoL competition, where all participants (players) of a team are physically present in
the same location.

Similarly, Pereira et al. (2016) have conducted a study within the largest official LoL com-
petition in Brazil (known as CBLoL). They define a daily routine involving physical and
mental excercise, and explore whether such a routine can increase cognitive performance.
Through a heart rate monitoring belt and evaluation questionnaires, they illustrate that play-
ers who followed the suggested routine have shown improvement in selective attention, mem-
ory, visuospatial and math abilities, while they reported lower levels of anxiety during com-
petition. In our study, we monitor player physiological responses through wearable sensors,
through which we aim to explore whether (a) increased player stress levels have an effect on
in-game performance and (b) whether certain in-game elements cause significant fluctuations
on player physiology.

For an in-depth literature review on MOBA game research, we refer readers to Mora et
al. (2018b).

6.3 Design Criteria

Numerous studies aroundMOBA games employ large-scale datasets including thousands of
games and players. However, in order to enable research on player stress responses, we choose
to build a (relatively limited) dataset which satisfies the following criteria:

1. Physiological signal monitoring

According to Kim et al. (Y. J. Kim et al., 2017), similarly to real world organisations,
MOBA games require competitiveness and fast decision making from the players. Un-
der such circumstances, tacit coordination plays a large role in team environments. We
consider physiological stress responses to be tacit reactions which players should recog-
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nise and control during competitive games. Webelieve that player emotions, and specif-
ically increased stress levels, are likely to not be expressed verbally within a team. How-
ever, we hypothesise that such emotional reactions have a significant effect on players’
in-game performance.

2. Physical presence

In order to be able to monitor player stress responses, we require the physical presence
of players in a laboratory area. This way, we enable collection of data from wearable
physiological sensors, as well as tracking of player interactions with the computers’ in-
put devices (mouse and keyboard).

3. Competition

All games included in our dataset are played within an official Esports competition.
The competitive nature of these games is bound to increase player stress levels, since
victory becomes the players’ main motivation.

We expect the study of player stress responses throughmutliplemodalities to benefit both
players and researchers; to our knowledge, this particular field within Esports analytics re-
mains unexplored thus far.

6.4 Data Collection

We have collected a dataset in collaboration with the Tilburg Student Esports Association
(TSEA) Link1. Link’s LoL team “Rupees” participated in the 2018-2019 Dutch College
League’s (DCL2) “Talent League”. The team consists of eight players (7 male, 1 female) of
whom five form the starting lineup and three are substitutes. The average player age is 21.5
years with a standard deviation of 1.6 years. While seven out of eight players are native Dutch
speakers, the team fluently communicates in the English language during games.

For the DCL’s Talent League, a group of 11 teams participated in a single best-of-two
round-robin pool. This means that for every round of the tournament (10 rounds in total),
each team was assigned an opponent against whom they played two LoL games, switching
sides in between games. Data was collected for 8 out of 10 rounds of the DCL. For each
round, the Rupees gathered and played their match in Tilburg University’s Game Lab, using

1http://tsea.link
2http://www.dutchcollegeleague.nl/competition/tl

97



Figure 6.1: Plot of a player’s (id: ’lol-3’) heart rate (beats per minute) during a compe ve LoL game
(game id: 3935361323), with annota ons of in-game events (player kills, deaths, assists, building kills
and elite monster kills).

the laboratory’s computers. Players who could not physically attend a session played from
their home environment, and are excluded from the dataset. Data was collected using three
input channels:

1. Keyboard &mouse logging

Recording User Input (RUI) (Kukreja, Stevenson, & Ritter, 2006) was running as a
background process on each computer, recording player mouse and keyboard activity.
RUI logs include every mouse click, mouse move and keyboard key pressed, accom-
panied by an absolute timestamp. We selected to record keyboard and mouse activity
under the assumption that players’ interactions with the computer’s input devicesmay
yield information of both player stress responses and in-game performance.

2. Wearable physiological sensors

For three out of eight sessions, Shimmer3 GSR+ (Burns et al., 2010) wearable sensors
were attached to the player’smouse controlling hands. All players indicated that attach-
ing the sensors to themouse controlling hand feltmore comfortable than the keyboard
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Figure 6.2: Plot of a player’s (id: ’lol-3’) skin conductance (μS) during a compe ve LoL game (game
id: 3935361323), with annota ons of in-game events (player kills, deaths, assists, building kills and
elite monster kills).

controlling hand. Sensors’ sampling rate is set at 20Hz,while every datapoint generated
is accompanied by an absolute timestamp to enable the synchronisation of data across
different modalities. We expect variation in player stress levels during game play to be
detectable through the Shimmer3 GSR+ wearable sensors, via skin conductance (SC)
and heart rate (HR) measurements. These particular sensors have been employed in
Chapters 3, 4 and 5 as well as in recent studies discussing the effect of stress on player
analytical skill performance in applied games (Steinrücke et al., 2019).

3. In-game logs

In-game logs were collected through the Riot Games API. They are separated into two
files, one containing post-game statistics for each player and the other containing an
extensive timeline of in-game events. All in-game events are accompanied by absolute
timestamps. For a detailed preview of in-game data files, we refer readers to the Riot
Games API documentation3.

3https://developer.riotgames.com/api-methods/
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Figure 6.3: Plot of a player’s (id: ’lol-3’) keyboard & mouse ac ons per minute (APM) during a com-
pe ve LoL game (game id: 3935361323), with annota ons of in-game events (player kills, deaths,
assists, building kills and elite monster kills).

In total, eight sessions of data collection resulted in approximately 2.4 Gigabytes of files,
includingmouse/keyboard, physiological sensor and in-game activity tracking. Wehavemade
the dataset available online4.

Visualisations of the collected data are illustrated in Figures 6.1 – 6.3. In these plots, we
showphysiological sensor and keyboard&mouse logging data of a single participant gathered
during a competitive LoL game, with annotations of in-game events. An overview of the
collected data is provided in Table 6.1.

6.5 Physiological sensor limitations

We were able to collect physiological data from players during three sessions of gameplay. Ul-
timately, we decided to not proceed into further analysing the players’ physiological signals
for three main reasons:

First of all, the majority of players indicated that the electrodes of the Shimmer physio-
4Dataset available at: https://surfdrive.surf.nl/files/index.php/s/oVzG4gbAsef6eNm
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Table 6.1: Overview of the collected dataset. For each par cipant, the total number of games played
and mean values of mouse & keyboard APM, heart rate (HR) and skin conductance (SC) are illus-
trated. For par cipants ’lol− 6’ and ’lol− 7’, no physiological sensor data was collected.

Participant id Total games
played

Mean APM
in-game

Mean HR
in-game
(BPM)

Mean SC
in-game
(μS)

lol-1 13 301.9 81.9 4.2
lol-2 14 259.0 74.4 3.1
lol-3 19 262.0 71.5 14.5
lol-4 21 314.3 77.9 9.0
lol-5 17 186.7 75.3 3.1
lol-6 6 225.4 − −
lol-7 1 192.6 − −
lol-8 8 188.2 78.0 2.0

logical sensors that were attached to their fingers were not comfortable in the context of high-
stakes, competitive play. We attempted to attach the sensors to either hand (one is always us-
ing the keyboard, while the other is using the mouse), but players reported that in both cases,
the electrodes were interfering with their fingers’ actions on the keyboard or mouse. Since all
games that were played were under an official competition, we allowed all players to opt out
of the physiological signal data collection, which they did after three gameplay sessions.

Furthermore, as illustrated in Figure 6.3, players’ mouse and keyboard activity can reach
a frequency of 700 actions per minute. It is expected that this high amount of activity will
consequently induce a significant amount of movement artefacts in the physiological signals.
Removing the noise out of the signals, if possible, would be a very challenging task. Overall,
we considered the raw physiological signal data unreliable for monitoring players stress levels,
given the high volumeof expectedmovement artefacts and low total number of sessionswhere
physiological data was recorded.

6.6 Correlatingkeyboardandmouse activitywithhigh stress in-gamemo-
ments

Since we decided to skip further analysing player physiological sensor data during gameplay,
we decided to annotate specific in-game events that may cause an increase in player stress level.
We ran a pilot study, which will be presented and discussed in the present and following two
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Table 6.2: Pearson correla on p-values between KDA and non-KDA moments, across all features and
me window setups.

Time windows (in seconds)

Features statistic 1 2 3 4 5 6 7 8 9 10 15 30

Keyboard APM

mean .15 .17 .18 .19 .22 .24 .27 .28 .27 .24 .18 .19
std .15 .21 .31 .40 .43 .42 .41 .47 .59 .71 .97 .96
max .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001
min .11 .23 .32 .32 .32 .32 - - - - - -

Keyboard Latency

mean .63 .42 .71 .73 .74 .74 .75 .75 .76 .78 .85 .95
std .23 .19 .16 .14 .12 .10 .09 .09 .08 .08 .07 .06
max .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001
min .18 .20 .20 .19 .19 .19 .21 .21 .21 .21 .<01 .<01

Mouse APM

mean .01 .05 .05 .051 .06 .06 .05 .05 .05 .05 .05 .05
std .<001 .<01 .<01 .<05 .<01 .<01 .<05 .<05 .<05 .<05 .11 .17
max .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001
min .01 .05 .15 .22 .22 .22 .25 .25 .25 .25 .24 .32

Mouse Latency

mean .46 .53 .56 .60 .61 .64 .66 .65 .66 .67 .64 .61
std .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001
max .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001
min .055 .06 .10 .10 .11 .11 .12 .12 .12 .12 .13 .13

Mouse Velocity

mean .33 .55 .38 .32 .41 .74 .49 .44 .39 .40 .34 .36
std .87 .56 .79 .89 .76 .76 .72 .82 .93 .90 .92 .85
max .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001 .<001
min .21 .24 .25 .25 .26 .26 .26 .26 .26 .26 .28 .28

Distance from center

mean .15 .15 .14 .13 .15 .18 .19 .18 .17 .17 .14 .15
std .14 .25 .25 .24 .24 .22 .22 .24 .25 .25 .35 .38
max .<001 .<05 .<05 .<05 .<001 .<05 .05 .06 .<05 .07 .08 .08
min .21 .001 .01 .001 .01 .01 .01 .01 .05 .05 .05 .05

Table 6.3: Distribu on of high and low ac vity of KDA and non-KDA moments, calculated by maxi-
mum keyboard APM. Values above and below the mean value of keyboard maximum APM (across all
moments) were labelled as high and low ac vity moments respec vely.

Number of
KDAmoments

Number of
non-KDAmoments

High activity
(max. keyboard APM) 235 213

Low activity
(max. keyboard APM) 615 637

sections. It revolves around the assumption that player stress levels increase shortly before
in-game kills, assists and deaths. Furthermore, we explore whether the players’ keyboard and
mouse activity shows any detectable patterns during these Kill, Death and Assist (KDA) mo-
ments. There are two reasons why we chose KDA moments as potential stressors: (1) be-
cause the vast majority of in-game kills, deaths and assists require player-versus-player combat,
which we define as the highest skill-demanding (and thus, stressful) aspect of this particular
game, and (2) because kills, deaths and assists belong to the limited set of in-game events that
are logged and retrievable through the Riot Games API. In our dataset, a total of 850 KDA
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Figure 6.4: Classifica on accuracy when predic ng KDA moments using different me window sizes.

events were detected.
Furthermore,wedefined specific features in order to represent player keyboard andmouse

activity; our list of features consists of keyboard andmouse actions perminute, keyboard and
mouse latency (time between two consecutive actions), mouse velocity and mouse cursor’s
distance from the centre of the screen. For each of the above six features, we extracted the
mean, maximum and minimum value as well as the standard deviation. These calculations
were performed in twelve different time windows calculated in seconds before a KDA event.
A detailed overview of the feature list and time windows is illustrated in Table 6.2. All feature
values were normalised to the range of [0, 1] through min-max normalisation.

Table 6.2 indicates the p-values of Pearson correlation between KDA and non-KDAmo-
ments. As non-KDA moments, we define any point in the game that does not belong to a
KDAmoment. KDA and non-KDAmoments were aggregated per-game and per-player and
the feature values were averaged over the respective time window (or the rest of the game data
points, in the case of non-KDA moments). The p-values in bold indicate statistically signif-
icant negative correlation in feature values between KDA and non-KDA moments. We ob-
serve that themajority of features’maximumvalues showed significant difference across KDA
and non-KDAmoments, meaning that there was significantly different maximum keyboard
and mouse activity during KDAmoments and non-KDAmoments. However, this does not
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Figure 6.5: Classifica on accuracy when predic ng KDA moments using different Random Forest
decision tree max_depth se ngs and a me window of 5 seconds.

imply that keyboard and mouse activity can directly indicate whether an observed moment
belongs to the KDA or the non-KDA set; Table 6.3 shows that both high and low activity
moments are included in the KDA and non-KDAmoments sets.

6.7 High stress moment prediction

Beyond a correlation analysis, we built a model trained to predict KDA moments through-
out the course of a game. In order to achieve that, we used the same set of features and the
same list of candidate time windows for KDA moment detection. For each game (and each
of the game’s players) in the dataset, we extracted an equal amount of KDA and non-KDA
moments for each of the different time window setups. This means, that for each KDAmo-
ment detected in a game, we extracted a randomly selected non-KDA moment of the same
window length from that particular game. The resulting dataset consisted of 850 KDA and
850 non-KDAmoments, across all games and players. We labelled KDAmoments with 1 and
non-KDAmomentswith 0, and trained aRandomForest classifier which aimed at predicting
that label, receivingmouse and keyboard activity as input. We used 10-fold cross validation to
divide the dataset into 90% training and 10% test sets, while every classification task was run
five times and the average accuracy was calculated. The baseline of each classification task was
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set at 50% since the two classes have an equal amount of datapoints.
At first, we test the prediction accuracy when using different time windows, as illus-

trated in Figure 6.4. We observe that a window size of 5 seconds delivers the highest accu-
racy (57.6%). Therefore, we ran a fine-tuning classification task where the time window was
preset at 5 seconds and tested different settings of the Random Forest’s maximum decision
tree depth. As illustrated in Figure 6.5, infinite depth (“None”) yielded the highest accuracy
(57.8%). None of the employed features was found to be significantly important during clas-
sification.

Looking at Figures 6.4 and 6.5, we observer that classification accuracy is relatively low.
Moreover, different settings of window size and maximum decision tree depth do not seem
to significantly improve classification accuracy. It is also important to note that infinite max-
imum decision tree depth is a setting that is prone to classifier over-fitting.

6.8 Discussion

In this chapter, we present a dataset of competitive games of Leagure of Legends, forwhichwe
have collected in-game, phsyiological sensor and keyboard &mouse activity data. The aim of
collecting this dataset is to enable the study of player stress levels in a competitive, high-stakes
online game concept through multiple modalities. Our discussion will focus on three main
points: (1) the usability of Shimmer sensors in this context, (2) the results of the preliminary
study that was conducted and (3) this study’s and dataset’s limitations.

An important finding of our study is that the usability of Shimmer sensors in a high-stakes
Esports setting is inappropriate for reliable, non-invasive data collection. This was indicated
by not only the players themselves, but also from the collected physiological signals. Looking
back at Figure 6.1, we observe that the player’s extracted heart rate can shift from approxi-
mately 50 beats per minute to approximately 140 beats per minute in a relatively short period
of time. Arguably, this steep of a shift may not be natural and is most likely caused by move-
ment artefacts in the raw signal due to the player’s intensive keyboard and mouse activity.
Future research should explore alternatives to Shimmer sensors, e.g., using wristbands, smart-
watches or electrocardiographs, in order to reliably assess players’ physiological states during
gameplay. Moreover, pupil dilation (Ren et al., 2014) and facial expressions (Gao, Yüce, &
Thiran, 2014) have been used as alternatives to detect stress though non-invasive sensors, such
as webcams or eye trackers.

Our preliminary study has shown that with the current setup, predicting moments of
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increased stress through the analysis of players’ mouse and keyboard activity yields relatively
low accuracy. Of course, this conclusion is derived under the assumption that short time win-
dows during player-versus-player combat are moments of heightened stress for the participat-
ing players. The list of features that was extracted from keyboard and mouse logs has shown
improvement potential, since most of the features’ maximum values within a time window
were shown to significantly differ between KDA and non-KDA moments. We believe that
a more sophisticated set of features may further increase the robustness and accuracy of the
model; a structure such as a recurrent neural network that receives the keyboard and mouse
activity signals as time-series and not as a mere collection of datapoints, may be a more appro-
priate way of treating this particular dataset.

We recognise that during a competitive game, player stress levels can be affected by a mul-
titude of factors, including in-game events, player experience and/or skill level, or even social
factors such as team communication and inter-player relationships. As a consequence, player
stress response models implemented using physiological and in-game data may still fail to de-
tect the sources of increased player stress levels. Furthermore, to achieve robust and generalis-
able player stress response modelling, baseline measurements in resting and stress (non-game)
conditions need to be collected and added to the dataset. Lastly, we recognise that the size of
our collected dataset is relatively small; in order to reach solid conclusions, a larger amount of
data needs to be collected. Given the impact the COVID-19 pandemic has had on in-person
human data collection sessions, this was not possible at the time our research was done.

6.9 Conclusion

Ourmain scientific focus in the field of Esports analytics is multi-modal player stress response
modelling. Despite having found a strong correlation between player stress levels and decision
making processes within the context of applied games (Chapters 3 and 4), we consider com-
petitive games to pose great challenges when analysing player affective behaviour.

We have concluded that physiological sensors such as the Shimmer may have been em-
ployed with relative success in previous chapters, however in the current context, player affect
modelling was deemed a challenging task; firstly, the collaborating Esports team decided to
opt out of physiological data collection after only three sessions and secondly, the players’
high-intensitymouse and keyboard usage is likely to have caused a high amount ofmovement
artefacts in the physiological signals collected. For these reasons, in order to reliably record and
model player affect during competitive games we should look towards employing less invasive
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modalities, such as facial expression analysis.
Nevertheless, our preliminary study has shown promising results when predicting mo-

ments of heightened stress solely through monitoring the players’ mouse and keyboard activ-
ity. In order to increase the generalisability and robustness of this chapter’s results, more data
needs to be obtained from competitive gaming sessions. Similarly, since the prediction accu-
racy that was observed is fairly low, we aim to look into alternative options, such as time-series
prediction through the use of recurrent neural networks.
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7
Modelling and Adjusting in-Game

Difficulty Based on Facial Expression
Analysis

This chapter addressesResearch Questions 3 and 4: How canwemodel player affective states
in applied games? How can we employ models of player affective states to provide personalised
entertainment game experiences?
Based on:

• Mavromoustakos Blom P, Methorst S, Bakkes S, Spronck P. 2020. Modelling and ad-
justing in-game difficulty based on facial expression analysis (vol 31, 100307, 2019). En-
tertainment Computing. 100317. DOI: https://doi.org/10.1016/j.entcom.2019.100317

• Mavromoustakos Blom, P., Bakkes, S., Tan, C., Whiteson, S., Roijers, D., Valenti, R.,
& Gevers, T. 2014. Towards Personalised Gaming via Facial Expression Recognition.
Proceedings of the AAAI Conference on Artificial Intelligence and Interactive Digital
Entertainment, 10(1). DOI: https://ojs.aaai.org/index.php/AIIDE/article/view/12707
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In this chapter we focus on detecting andmodelling player engagement rather than stress,
within the context of entertainment games. To that end, we employ Facial Expression Analy-
sis (FEA) both as a means of player affect modelling and predicting in-game difficulty, based
on which we develop in-game difficulty adjustment algorithms for single player arcade games.
Our main contribution is the implementation of an online, non-invasive and unobtrusive
game personalisation system. On the basis of FEA, our system is able to adapt the difficulty
level of the game to the individual player, without interruptions, during actual gameplay.

Specifically, we study a) how perceived in-game difficulty can be measured through facial
expression analysis, and b) how facial expression data can model player behavior and predict
their affective state.

Experimental findings reveal that different in-game difficulty settings are correlated to
distinct player emotions (revealed in facial expressions). Furthermore, amodel based on facial
expression analysis is successfully applied to calculate an appropriate difficulty setting in the
Infinite Mario Bros. game, tailored to the individual player. From these results, we may
conclude that efficient game personalisation is achievable through FEA.

7.1 Introduction

In this chapter, we study the correlationbetweenplayers’ emotional state (as observed through
FEA) and in-game difficulty setting, in an attempt to validate FEA as an approach towards
game personalisation. Furthermore, we research how FEA can be leveraged to provide an effi-
cient mechanism for online and unobtrusive personalised games, where the game experience
is continuously tailored to fit the individual player. Through FEA, we aim to extract a reliable
and objective description of players’ affective state, which will be applied in order to create
personalised game spaces (levels).

The goal of this research is to generate personalised game levels based explicitly on FEA
data, extracted during actual gameplay. We consider this to be a challenging task, given the
diversity among players in terms of emotional expressiveness, gender, age, and in-game capa-
bilities. An efficient game personalisation mechanism based on FEA is not only a novelty in
the field of gaming AI, but may also set the foundations for further research on game per-
sonalisation through computer vision. Given the commercial popularity of webcams, FEA
provides an accessible and unobtrusive input channel to apply player affect modelling meth-
ods and subsequently, Dynamic Difficulty Adjustment (DDA). We believe that this study
could provide the basis for a generalisable player affect model, implemented across multiple
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games.
In order to examine whether personalised games can be implemented through FEA, we

have divided this work into two parts:
The first part investigates the correlation between in-game difficulty and player emotional

state, as described by the players’ facial expressions. Through machine learning techniques,
it aims to show that players’ facial expressions are indicative of perceived in-game difficulty.
Specifically, through a classification task, we are able to predict the difficulty level of the game
currently played with high accuracy, by analysing players’ facial features.

The second part, expands on the first part’s findings, and introduces FEA as a technique
towards measuring player engagement and dynamically adjusting in-game difficulty. Since it
was shown that player facial expressions are an indicator of current game difficulty in the first
part, we propose a FEA-based game personalisation system which aims at improving individ-
ual player in-game experience, while at the same time maximising player engagement levels
towards the game itself.

7.2 RelatedWork

In this section, we present relevant research in the fields of Game Personalisation, Dynamic
Difficulty Adjustment (DDA), and Affective Feedback. Our research is based on findings in
these fields, each of which contributes towards implementing our game adaptation mecha-
nism.

7.2.1 Game Personalisation

Game personalisation is motivated by a significantly increased involvement and extensive cog-
nitive elaboration when players are exposed to content of personal relevance (Petty & Ca-
cioppo, 1979); it has been shown that they will exhibit stronger emotional reactions (Darley
& Lim, 1992). A positive effect on player satisfaction has been found, i.e., game personali-
sation raises player loyalty and enjoyment, which in turn can steer the gaming experience to-
wards a (commercial) success (Teng, 2010). The perspective of AI researchers to increase the
engagement and enjoyment of players is one that is consistent with the perspective of game
designers (Riedl, 2010), i.e., personalisation methods are regarded as instrumental for achiev-
ing industry ambitions (Molyneux, 2006). Tailoring the game experience to the individual
player particularly benefits from the use of player models, and requires components that use
these models to adapt parts of the game (Bakkes et al., 2012).
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Our research follows the emerging trend of employingAImethods for adapting the game
environment itself (as opposed to, more typically, adapting the behaviour of the game charac-
ters) (Bakkes et al., 2012). In our investigation, we choose to focus on personalising the game
space to the individual player with respect to experienced challenge. We define the “game
space” as the representation of the game mechanisms through which the user interacts with
the game.

7.2.2 Dynamic Difficulty Adjustment (DDA)

DDA is a technique for continuously adapting a game so that it maintains a certain level of
difficulty (Xue, Wu, Kolen, Aghdaie, & Zaman, 2017; Stein, Yotam, Puzis, Shani, & Taieb-
Maimon, 2018; Silva, do Nascimento Silva, & Chaimowicz, 2017). In most cases, it aims at
adapting the difficulty setting of a game to fit the skills and/or game experience of the individ-
ual player. DDA can be implemented using various approaches, from ‘simple’ heuristics to
‘complicated’ machine learning methods.

Various applications of DDA in games are found in literature. Hunicke and Chapman
(2004) introduce a probabilistic method for representing and reasoning about uncertainty
in games. Their main goal is to keep the player engaged for the appropriate amount of time
(also referred as keeping players in the “flow area”, as described in Csikszentmihalyi’s theory
of Flow (1991)). Zook and Riedl (2012) follow a temporal data-driven approach, focused
onmodelling and predicting player performance instead of in-game difficulty. This approach
is based on the assumption that in-game difficulty is a subjective measurement. Xue et al.
(2017) use a probabilistic graph tomodel player progression. In-gamedifficulty is dynamically
adjusted in order to maximise a player’s stay time in the progression graph. Jennings-Teats et
al. (2010) introduce a statistical approach, where a multilayer perceptron algorithmwas built
in order to rank generated level segments as a model of difficulty.

A term closely related to DDA is Challenge Balancing. Challenge balancing concerns
automatically adapting the challenge that a game poses to the skills of a player (Olesen, Yan-
nakakis,&Hallam, 2008; Spronck, Sprinkhuizen-Kuyper,&Postma, 2004). It aims at achiev-
ing a ‘balanced game’, i.e., a game wherein the player is neither challenged too little, nor chal-
lenged toomuch. Inmost games, the only implementation of challenge balancing is provided
by a difficulty setting, i.e., a discrete parameter that determines how challenging the game will
be. However, as the challenge provided by a game is typicallymulti-faceted, it is hard for the
player to reliably estimate the challenge level that is appropriate. Furthermore, generally only a
limited set of discrete difficulty settings is available (e.g., easy, normal, hard). This entails that
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the available settings are not fine-tuned to be appropriate for each player. As such, researchers
have developed advanced techniques for balancing the challenge level of games. Hunicke and
Chapman (2004) explored challenge balancing by controlling the strength of opponent char-
acters (i.e., controlling the opponent character’s health, accuracy, and employed weapons).
Spronck et al. (2004) investigated methods for automatically adjusting weights assigned to
possible game scripts. Knowledge on the specific effect of game adaptations can be employed
for maintaining a challenge level (Bakkes, Spronck, & Van den Herik, 2009), and may be in-
corporated to steer the procedural generation of game content (Togelius, Yannakakis, Stanley,
& Browne, 2011).

In our research, we take the distinct focus of balancing the game’s challenge level by dy-
namically adapting the difficulty of the content that is placed within the game environment.
We also focus on procedural content generation for tailoring the player experience. Our dis-
tinct focus in this matter, is to assess online and unobtrusively which game adaptations are
required for optimising the individual player’s experience while the game is being played, to
have assessments on how the experienced player challenge impacts the procedural process (cf.
Bakkes et al. (Bakkes, Whiteson, Li, Visniuc, et al., 2014)).

7.2.3 Affective Feedback

Following the principles of affective computing as described by Picard et al. (Picard, 2000),
researchers have been investigating the use of affective signalswithinHuman-Computer Inter-
action (HCI) systems. More specifically, affective signals such as heart rate, skin conductance
and facial expressions have been employed in order to build player models and create person-
alised gaming experiences. An extensive review of affective games is provided by Lara-Cabrera
et al. (2019).

Chanel et al. (2008) introduce an approach based on emotion recognition, to model
Tetris players with respect to three affective states: Boredom, anxiety and engagement. They
have achieved a classification accuracy of 53.33%, using various features extracted fromphysio-
logical sensors and questionnaires. Expanding on this study, Chanel and Lopes (2020) built a
deep learning-based difficulty adaptation system forTetris, whosemodelwas trained onplayer
raw physiological signals. Liu et al. (C. Liu et al., 2009) propose real-time DDA through
player anxiety estimation, using wearable biofeedback sensors. Following the same line of re-
search, Rani et al. (2005) implemented a system which aims to optimise player challenge in
real-time through physiological signals. In the present work, we employ Facial Expression
Analysis as a method of applying real-time, non-invasive and unobtrusive DDA, ultimately
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aiming to maintain an optimal player challenge level.
Facial expression analysis is a mature domain in computer vision with techniques that

boast a high level of accuracy and robustness (Ekman, Friesen, & Ancoli, 1980; Ryan, Rigby,
& Przybylski, 2006b; Li et al., 2010a) without the requirement of expensive hardware (Bosch,
D’mello, Ocumpaugh, Baker, & Shute, 2016). For example, Buenaposada et al. (2008) have
reported a 89% recognition accuracy in video sequences in unconstrained environments with
strong changes in illumination and face locations. Zaman and Shrimpton-Smith (2006) eval-
uated an automated facial expressions analysis system to infer emotions that users had whilst
performing commoncomputerusage tasks. They generally reported ahigh level of correlation
between the system’s findings and human expert analyses. Tan et al. (2012) performed a feasi-
bility study in using facial expression analysis to evaluate player experiences. They concluded
that typical game experiences yield a good variety of facial expressions (other than neutral)
with variances of expression for individual participants being generally rich.

We postulate that the affective signals provided by FEA, can be utilised for efficient and
accurate game personalisation. Since user facial expressions can be indicators of emotion
(Ekman et al., 1980), we investigate whether in-game difficulty can have an impact on player
affect, as expressed through the face. In our research, we will leverage FEA in an attempt to
predict the perceived and actual in-game difficulty, before proceeding to implement our game
personalisation algorithms.

7.3 Methodology

In this section, we will give an outline of the methodology used in this chapter, as shown in
table 7.1.

This research is divided into two parts. The first part explores whether FEA during game-
play can lead to accurate determination of the perceived in-game difficulty. If it can, this will
enable successful personalisation of games using facial expression analysis. This is the main
topic of the second part, which focuses on the personalisation procedure, proposing various
algorithms aiming towards reaching optimal player engagement levels.

In the first part, players are requested to score three different versions of the same game in
terms of difficulty. During gameplay, we detect player emotions and track facial ActionUnits
(AUs), which are fed as input to classification algorithms that aim to predict the perceived
in-game difficulty.

The second part introduces two methods of translating probabilistic estimates of player
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Methodological Part Domain Research Goals Facial Expression
Recognition Toolbox

First Part (section 7.4) Pacman Measuring in-game
difficulty based on FEA Cert

Second Part: Heuristics
(section 7.5.2) InfiniteMario Bros. Game personalisation

based on Heuristics InSight

Second Part: Modelling
(section 7.5.3) InfiniteMario Bros. Game personalisation

based on a trainedModel InSight

Table 7.1: Outline of the methodologies used in this chapter.

emotions into in-game difficulty adaptations. A heuristic algorithm that adapts in-game dif-
ficulty based on player emotion estimates, and a player affect model trained on emotion &
head posemeasurements. The goal is to build an effective game personalisation system, which
should maximise player engagement (as measured through FEA), while simultaneously con-
verging to an optimal in-game difficulty level, for the individual player. The results are based
on player feedback, through pairwise tests that compare the dynamic (adaptable) version to
the static version of the same video game.

Although we acknowledge that facial expressions are not always strictly correlated to user
affective state, we have chosen to use the term “emotion” to refer to one of the seven basic
emotions as described by Ekman&Friesen (Ekman&Friesen, 1971). We consider these emo-
tions (as detected by the InSight facial expression recognition SDK (Sightcorp, 2014)) an
adequate descriptor of player affective state in this study’s setting.

7.4 First Part: Measuring Perceived in-gameDifficulty based on Facial Ex-
pression Analysis

In the first part of our research, we aim to justify the use of FEA as an appropriate approach
towards game personalisation. By predicting the perceived in-game difficulty, we show that
player facial expressions can be correlated to different versions of the same game. Building a
system that can accurately predict in-game difficulty solely by ‘looking’ at the player’s facial
expressions, means that we will be able to dynamically adjust in-game difficulty to provide
personalised game experiences. Below, we present our methods for predicting perceived in-
game difficulty, by analysing players’ facial expressions. More details about this specific part
of the study can be found in (Methorst, 2015).
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7.4.1 Experimental Setup

In this experiment, the aim is to predict the perceived in-game difficulty through FEA. Players
are asked to play different versions of the same video game, while their facial expressions are
being recorded.

Pacman

Pacman is a widely popular arcade game, considered one of the classic games in its genre. The
goal of the game is to navigate through a maze while accumulating points by ‘eating’ dots.
Each ‘stage’ in the Pacman game is finished when all dots are eaten by the player.

Players participating in this experiment are asked to complete three different versions of
the Pacman game. For each version the participant was instructed to play the game with the
intention to collect all dots as fast as possible.

Similar to several other studies (Aponte, Levieux, & Natkin, 2009; Girouard et al., 2009;
Li et al., 2010b), this study used a version of Pacman which was altered to make the game
more suitable for the experiment. The alteration revolved around the speed by which the
player was allowed tomove within the maze featured in the game. Since this research pertains
data obtained from facial expressions, itwas deemed important to eliminate factors thatmight
negatively influence the experience of the game. Whereas ‘dying’ is a natural element of the
game, the standard Pacman game only grants the player a limited number of lives. In our
experiment, the playerwas granted an unlimited number of lives in order to avoid unnecessary
frustration for some levels (Kirsh, Mounts, &Moore, 2007).

To familiarise themselves with the game, players were first presented with a short practice
session. When participants were comfortable with the game controls, they were directed to
the experiment.

Facial Expression Recognition &Hardware setup

For this experiment, two laptops were used simultaneously. One laptop was used to run the
game; another was used to record the participants’ faces during their play sessions. The fol-
lowing method was employed: participants were asked to sit in front of the first laptop on
which a webcam was mounted. The camera itself was plugged into the second laptop that
was running the recording software.

During gameplay, CERT (Computer Expression Recognition Toolbox) was used to ex-
tract facial expression data. CERT is able to track basic expressions of anger, disgust, fear, joy,
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sadness, surprise, contempt, a continuous measure of head pose (yaw, pitch, and roll), as well
as 30 facial action units (AU’s) from the Facial ActionCoding System (FACS) (TheComputer
Expression Recognition Toolbox, 2015). The FACS is designed by Ekman and Friesen and is
used to “measure all facial behaviour, not just actions that might presumably be related to
emotion” (Ekman et al., 1980). Ekman and Friesen describe action units to be anatomically
separate and visually distinguishable facial movements. For an extensive survey on automatic
facial expression analysis, including FACS, we refer readers to Fasel & Luettin (2003).

Data Collection

The data was processed as follows: For every participant, the average over all the frames per
AU was calculated. The resulting value was subtracted from all individual values to account
for the “neutral” expression, thereby correcting against a baseline. In the next step, the altered
values were compared with a threshold: According to Grafsgaard et al. (2013) a value (with
a corrected baseline) above 0.25 indicates the presence of the emotion. The resulting values
were binary, indicating either the presence or absence of a specific expression. Finally, after
each session participants were asked to rate the difficulty of the game that they just played on
a scale of 1 (very easy) to 7 (very difficult). This value is the “perceived difficulty”.

These binary expression presence values were used in a classification task where the goal
was to predict the game version. For this task, the data mining program “Orange” (Demšar
et al., 2013) was used. The data was processed using 10-fold cross validation in a leave-one-
out setting employing a classification tree, a Naïve Bayes classifier, and ZeroR as a baseline
method.

In total, the recordings of participants that were collected provided 117,304 instances of
frame-data (vectors consisting ofAUvalues). For each participant, these vectors of frame data
were subsequently labelled with the specific version each vector referred to and the perceived
difficulty score that was assigned to this specific version by each participant (also referred to
as “perceived version”). The perceived game version was selected as the target class during the
classification tasks.

7.4.2 Results

The data for this experiment were obtained from 38 (N=38) participants. The average age of
the participants was 35.1 years (SD = 14.54). The data of 6 participants was left out of this
research because of recording failures. Of the remaining 32 participants, 18 were male, 14
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Perceived Difficulty
Experiment
setting

version A version B version C

1. A-B-C 2.8 3.5 3.8
2. A-C-B 4.2 5.0 4.0
3. B-A-C 3.0 5.0 3.4
4. B-C-A 3.0 4.0 3.2
5. C-A-B 3.0 4.2 3.2
6. C-B-A 3.0 3.2 4.2

Table 7.2: Perceived difficulty scoring by players for each version of Pacman on a 7-point scale (1
= very easy, 7 = very difficult). Each experiment se ng indicates the order in which game versions
were played.

female.
Participants played through three different versions of Pacman. In version ‘A’, the speed

withwhich Pacmanmoved through themazewas slower than that of its “enemies”. In version
‘C’ Pacman’s speed was higher than the enemies’ speed, while in version ‘B’, Pacman’s speed
was left as originally designed.

We have provided an overview of the perceived difficulty scorings for each version, spread
out over the different settings of the experiment in Table 7.2. For each setting of the experi-
ment, the playing sequence of game versions is changed. Note that the scores presented here
are subjective scores. For instance, in setting 5 of the experiment, participants first played ver-
sion C, followed by versions A and B. In setting 2 of the experiment, the order of play was
A-C-B.We see that the perceived difficulty of each version of the game is different for each ex-
periment setting. For instance, whereas version A in setting 1 of the experiment was awarded
an average difficulty score of 2.8, the same version was awarded a difficulty score of 4.2 in
setting 5 and 6 of the experiment.

Table 7.3 shows that a classification tree provided the most accurate results, scoring an
accuracy of 77% when predicting the perceived version of a game, without taking the actual
version into account. A Naïve Bayes classifier provided an accuracy of 53%. While these re-
sults pertain to a combination of all levels, in Table 7.3 we also observe how the classification
accuracy increases up to 90% when the actual game version is taken into account. This in-
crease can be explained by the fact that the classifier uses a smaller training set, which is likely
to have a more dominant majority class.
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Method Combined version A version B version C

Classification Tree 77% 90% 87% 89%
Naïve Bayes 53% 63% 70% 74%

ZeroR 44% 32% 45% 55%

Table 7.3: Predic on accuracy of perceived game version using facial expression analysis.

7.4.3 Discussion

Regarding perceived version, Table 7.2might seem counterintuitive and raise some questions.
We expected that participants would rate Pacman version ‘C’ at a lower difficulty score than
the other versions, since Pacman’s moving speed was higher than the speed of its enemies.
Version ‘A’ was expected to be rated as the most difficult one, given that Pacman was unable
to “shake off” trailing ghosts. However, we observed that it required more game-playing skill
to keep up with the fastest version (‘C’), and only experienced players would rate that version
at a lower difficulty.

For all classification tasks, Naïve Bayes underperformed when compared to classification
via a decision tree. Naïve Bayes classifiers assume that features are independent, while in our
case, even though facial expressions can be isolated, the dynamics of the human face make it
that facial expressions are often correlated or even dependent. For instance, to express disgust,
a person has to use both the nose (AU 4) and the upper-brow (AU 9/10) to make the ap-
propriate expression. Feature independence might cause Naïve Bayes classifiers to mistakenly
assume that the AUs are independent of each other, whereas in actuality they are found in
conjunction.

The results of the present study point in the directionwhere it is possible to accurately pre-
dict the perceived version of a game. We were able to predict the perceived game version with
an accuracy of 77%. However, when the actual currently played game version was included as
a classifier feature, prediction accuracywas increased to 88.7%. Considering the high accuracy
of our predictions of the current version of the game, it is implied that it is possible to use this
data to make effective adjustments to the game.

7.4.4 Conclusion

In this preliminary study, we focused on confirming whether FEA can provide a sufficient
tool towards personalised gaming. We have shown that in-game difficulty can be accurately
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measured solely through FEA. The ability to predict the game version through player facial
expressions allows us to assume that varying in-game difficulty settings can trigger different
emotions from the player, and consequently, indicate that facial expressions are an adequate
descriptor of player affect.

Based on these findings, we proceeded to implement an online and unobtrusive game
personalisation mechanism, using FEA. In the study that follows, in-game difficulty will be
dynamically adapted based on players’ affective state, measured during gameplay.

7.5 Second Part: Adapting in-game Difficulty based on Facial Expression
Analysis

Having shown that player facial expressions can be correlated to in-game difficulty settings in
section 7.4, we will proceed to implement game personalisation algorithms. This section is
focused on translating FEA data into actual in-game difficulty adjustments, creating person-
alised game spaces tailored to the individual player.

By introducing game personalisationmethods we aim to achieve and retain a high level of
user engagement. Based on the study in (Csikszentmihalyi, 1991), our goal is to dynamically
adjust in-game difficulty to keep players engaged for as long as possible.

The present study is divided into two distinct sections: The initial (heuristic) approach
describes heuristic methods of translating player emotions (as measured through FEA) into
in-game difficulty adaptations, using aGradientAscentOptimisation (GAO) algorithm. The
extended (modelling) approach is an extension of the former, by introducing head pose mea-
surements (pitch, roll and yaw) as well as classification algorithms in order to create a proba-
bilistic model of players’ affective state. The model will ultimately be used to predict optimal
in-game difficulty adjustments during gameplay.

7.5.1 Experimental Setup

InfiniteMario Bros

We consider a typical video game: Infinite Mario Bros. (Persson, 2009); an open-source
clone of the classic video game Super Mario Bros. It can be regarded an archetypic plat-
form game; despite its relatively straightforward appearance it provides a diverse and challeng-
ing gameplay experience. We built upon a version of Infinite Mario Bros. that has been
extended to procedurally generate entire Mario levels. These extensions have been made by
Shaker et al. (2011; 2012, 2013), Pedersen et al. (2009b, 2009a), and Togelius et al. (2010).
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Figure 7.1: Our enhanced version of Infinite Mario Bros. During gameplay it generates short new
level segments of specific content on-the-fly, on the basis of classifica ons of the facial expression.

We have made two further enhancements to the 2011 Mario AI Championship game
engine of InfiniteMarioBros. (described byBakkes et al. (2014)). First, we enhanced the
engine such that it is able to procedurally generate segments ofMario levelswhile the game is in
progress (Figure 7.1). One game segment has a width of 112 game objects, and generally takes
a player approximately 20 to 30 seconds to complete. This enhancement enables feedback
on the observed player experience to rapidly impact the procedural process that generates the
upcoming level segments. The upcoming level segments are generated seamlessly, such that
no screen tears occur when the user is transitioning from one segment to the next (i.e., before
the next segment can be observed a short ‘gap’ block is injected in the game space).

Our second enhancement to the game engine, is that within every segment we can now
inject short chunks of specific game content. We enabled the game engine to generate five dif-
ferent types of chunks, (1) a straight chunk, containing enemies and jumpable blocks, (2) a hill
chunk, containing enemies in various ground height levels, (3) a chunk with tubes, contain-
ing enemy plants, (4) a jump, and (5) a chunk with cannons. Each chunk can have six distinct
implementations, determined by a per-chunk integer parameter ∈ [0, 5]. The challenge level
of the chunk monotonically increases with the parameter value (e.g., a hill parameter value
of 0 entails a chunk with no hills and no enemies, while a value of N, where N > 0 entails
N procedurally-generated hills withN relatively difficult enemies). Our enhanced engine has
the desired property that the generated chunks are largely independent from each other, i.e.,
only in rare cases will one chunk be able to affect player behaviour in the surrounding chunks
(e.g., a cannon bullet following the player to the next chunk). To benefit playability and level
aesthetics, the order in which the chunks are encountered is randomised for each new seg-
ment. The five chunks (each 16 game objects in length) are preceded and succeeded by a flat,
neutral chunk (also 16 game objects in length), to allow the player to prepare for the next
game segment. To avoid player emotion estimates being “carried” from one segment to the
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next, a brief straight section has been added between segments, where we expect player facial
expressions to fade out.

In both experiments conducted (sections 7.5.2 & 7.5.3), participants were asked to com-
pare an adaptive to the static (baseline) version of Super Mario Bros. The experiments
were conducted in a home setting, with stable lighting conditions, without external distrac-
tions. In the static game, each chunk’s difficulty is pre-defined and persistent throughout the
entirety of the session. All chunks were assigned the same difficulty levelD ∈ [0...5], namely
D = 1 for the ‘easy’ setting,D = 3 for the ‘normal’ setting andD = 5 for the ‘hard’ setting.
Difficulty level 1 was chosen over difficulty level 0 as the ‘easy’ setting, as difficulty level 0 re-
moves all obstacles from the game and makes it impossible for the player to fail. We consider
the static version to be a valid baseline, since the quality andquantity of obstacles is predefined
for each of the difficulty levels. This type of game resembles the classic SuperMario Bros.
game, which we assume was designed to maximise engagement.

InSight Facial Expression Recognition toolkit

For this study, player emotions are tracked with the InSight facial expression recognition
SDK (Sightcorp, 2014) during the entire game session, yet are taken into account indepen-
dently for each chunk. We used InSight rather than CERT in this part of the study for
licensing reasons. That is, player expressionsmeasured in chunk c (e.g., a chunkwith cannons
as content), will in our approach only affect the challenge level of that particular chunk type.
As a result, online personalisation is achieved at the content level of the game. This charac-
teristic allows the online personalisation to specifically tailor the challenge level of a certain
content type, to the measured affective state of the player when interacting with this content.

InSight classifies facial expressions at approximately 15 frames per second. For each
frame, it outputs a probability distribution over seven distinct emotions, namely (1) neu-
tralness, (2) happiness, (3) disgust, (4) anger, (5) fear, (6) sadness, and (7) surprise. Player
emotions are being recorded over the course of a game session and used as input for the game
adaptation mechanism, in the form of a vector [e1, e2, ..., e7], where en represents the prob-
ability estimate of a player expressing emotion n. Data is enriched by timestamps for each
tracked frame, in order to allow the game engine to correlate between game frames and In-
Sight tracked frames. Depending on the progress of the player through the Mario game, a
game chunk is typically interacted with for 2 to 10 seconds, resulting in a total of 30 to 150
classifications for each game chunk separately. The resulting probability distributions are av-
eraged at the end of each chunk, into an estimate of a players’s emotional state; it is an estimate
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that is relatively insensitive to classification noise of the facial expression system (which may
occur in individual frames).

Facial Expression Tracking

There are two events at which assessments of the player’s affective state are used to adapt the
game; namely (1) when the next level segment needs to be generated, and (2) when the game
resets due to player death. To that end, we take into consideration not only player assessments
made during actual play of the game, but also in between in-game deaths of the player – as
we observed that during this idle period, many game players express high emotional activity.
Furthermore, we particularly consider that most game players tend to maintain a relatively
neutral facial expression during gameplay, withmost emotional activity occurring when play-
ers experience an in-game death.

The described experimental setup is employed in two distinct experiments, described in
the following sections.

7.5.2 Heuristic Approach: Game Personalisation through Facial Expres-
sion Analysis

The heuristic approach uses a heuristic method of adjusting in-game difficulty based on clas-
sifications of player emotions. The main challenge in this respect is making accurate assess-
ments of the player’s expressions while he is playing the game, andmapping these assessments
into challenge levels that are appropriate for the observed player. To that end, we employ a
Gradient Ascent Optimisation (GAO) technique. GAO aims at optimising the challenge lev-
els for each content type in the game (i.e., for each chunk type) such that human interactions
with the content yield affective states that we consider desirable (i.e., happiness), while not
yielding affective stances that we do not consider desirable (i.e., anger). In the present setup,
we consider anger an undesirable emotion, and happiness a desirable emotion.

The goal of GAO is to exploit the users’ facial expressions in order to adapt the game to
their preferences and achieve an optimal level of difficulty setup.

Our implementation of GAO is relatively straightforward (Algorithm 1). After a game
segment has been completed by the player, the probability-distribution vector of the mea-
sured emotional stances are retrieved for each individual chunk. The emotions taken into
consideration for the present experiments are (1) neutralness, (2) happiness, and (3) anger;
our preliminary trials with theMario game suggested that these emotions were most likely to
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Algorithm 1 Facial Expression-based Gradient Ascent Optimisation
1: procedureGAOptimize(et, et−1) ▷ Emotion vectors of current and previous segment
2: α← 1− Var(e1) ▷ compute alpha (first segment)
3: δ← α ∗ 5 ▷ scale to action space [-5...5]
4: for each : chunk do
5: ε← argmax|et − et−1|
6: nextAction← ε ∗ δ
7: if ε ∈ {angry, neutral} then
8: nextAction← −nextAction
9: end if
10: nextChallengeLevel← previousChallengeLevel+ nextAction
11: return newChallengeLevel
12: end for
13: end procedure

be expressed by players (cf. Figure 7.2).
The first step of the GAO algorithm (cf. Algorithm 1) takes place during actual play of

the first segment of each game session, where we calculate the variance in classification of each
emotional stanceE, fromwhichwe derive a factor α = 1− var(E). α is employed as a baseline
of the gradient ascent algorithm; it aims at assessing the “emotional expressiveness” of each
individual player. In particular, in this approach, the less emotionally expressive a player is
considered to be, the higher the impact of a measured expression of emotion on adaptations
to the game’s challenge level. Since challenge level follows d ∈ [0...5], α is scaled to the action
space: δ← α ∗ 5.

The dynamic difficulty adjustment is an iterative procedure, as described in Algorithm 1,
lines 4− 10. Each time a game segment is finished, the emotion vectors – of each individual
chunk – of the recently played (finished) segment (St), plus the previously completed seg-
ment St−1, are fed into the algorithm. For each emotion that is taken into consideration (neu-
tralness, happiness and anger), the difference between its current (et) and previous iteration
(et−1) value is obtained. Next, the maximum of the three differences is determined, namely
ε = argmax(et−et−1). Since the three different emotions are equallyweighted, themaximum
value calculated is considered as the “most significant” change in emotional status of the user
between two game segments. Since emotions are probabilistic estimates, their difference be-
tween two segments follows ε ∈ [−1...1]. Thus, action at = ε ∗ δ, at ∈ [−5...5] is calculated
and defines the change in challenge level that will be presented in the next segment, where neg-
ative values define a drop in challenge level and positive values define a respective increase. To
summarise, the challenge level of a chunk in the next segment will be: dSt+1 = dSt + at. This
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calculation will be individually applied to all chunks within a game segment. In practice, the
procedure described above will increase the game challenge level if the probability estimate
of an emotion is higher in timestep t compared to t − 1. However, we adjust the adaptation
based on which emotion is the one defining at, for the reason that an increase in “negative”
emotions (neutralness and anger) should generate a decrease in game difficulty. That is why
in these cases, we consider at to be−at (Algorithm 1, steps 7 & 8).

In order to tailor GAO to this specific target domain, heuristic values are introduced in
special occasions. Generally, as mentioned, users tend to show neutral expressions during
gameplay, especially in gameplay settings of low challenge level. In order to prevent “stalling”
the game at a certain challenge level due to lack of expressed emotionality, we introduce a
heuristic threshold τ = 0.8α. The threshold is derived from preliminary observations on
player behaviour in theMario game (Figure 7.2). If, by the end of a game segment, the level of
neutrality of a player during a chunk was higher than the threshold τ, the level generator will
force an increase in challenge by a unit measure (+1) in the next segment’s respective chunk.
This heuristic corresponds to the insight that the possibility of failure (and the positive affect
that is provided by overcoming an obstacle) is an important factor to an appropriate game
experience (Juul, 2013) 1.

Excessively high challenge levels may impose an unpleasant experience on game play-
ers. In order to avoid player abandonment resulting from an inappropriately high challenge
level, a second heuristic is applied to emotions observed during in-game death. A threshold
φ = 5α × εanger is introduced regarding the anger measurement when death occurs. The
chunk in which death happenedwill instantly drop by round(φ) units of challenge level in an
attempt to reduce player anger and boost player progress in the game. Note that εanger ∈ [0, 1]
is multiplied by 5 and rounded to the nearest integer in order to directly map emotion prob-
ability scale into chunk difficulty scale.

In this experiment, we investigate how participants experience the personalised game un-
der actual game playing conditions, in comparison with a realistic (baseline) static game. To
this end, in accordance with procedures employed by Shaker et al. (2011)), we query for
pairwise preferences (i.e., “is system A preferred over system B?”), a methodology with nu-
merous advantages over rating-based questionnaires (e.g., no significant order of reporting ef-
fects) (Yannakakis & Hallam, 2011). We perform pairwise tests of a static system s, with a
fixed difficulty level, and a personalised system p. The experiment follows a within-subjects

1The heuristic values used are merely a design choice that we found to be appropriate for this experiment’s
setting. Game designers might wish to use different heuristics.
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(a) Challenge parameter values (b) Facial expressions in Straight chunk

(c) Facial expressions in Hills chunk

Figure 7.2: Preliminary test, one game session of 10 segments. Learned challenge parameter values
(Figure 7.2(a)) given the measured facial expressions per chunk.
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(a) Facial expressions in Tubes chunk (b) Facial expressions in Jumps chunk

(c) Facial expressions in Cannons chunk

Figure 7.2: Preliminary test, one game session of 10 segments. Learned challenge parameter values
(Figure 7.2(a)) given the measured facial expressions per chunk (cont.)
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Initial challenge level Condition 1 Condition 2

Easy s(easy) vs. p(easy) p(easy) vs. s(easy)
Normal s(normal) vs. p(normal) p(normal) vs. s(normal)
Hard s(hard) vs. p(hard) p(hard) vs. s(hard)

Table 7.4: Pairwise tests of the sta c system versus the personalised system. The ini al challenge
level is indicated between brackets.

design composed of two conditions (C1 and C2), consisting of a series of three sequentially
performedpairwise tests, in randomised order. The pairwise tests compare the static systemvs.
the personalised system, both starting at identical challenge levels. Table 7.4 gives an overview
of the resulting experimental conditions, with the initial challenge level of a system indicated
between brackets.

The experiment is performed on ten participants (all male), aged between 23 and 28 years,
recruited at theUniversity of Amsterdam. Tominimise user fatigue impacting the experimen-
tal results, each of the six game-playing sessions is ended after a maximum of 4 level segments
(i.e., approximately threeminutes of play). After completing a pair of two games, wequery the
participants’ preference through a 4-alternative forced choice (4-AFC) questionnaire proto-
col (e.g., s is preferred to p, p is preferred to s, both are preferred equally, or neither is preferred).
The question presented to the participant is: “Forwhich game did you find the challenge level
more preferable?”.

Figure 7.3 lists the pairwise preferences as reported by the participants. The results show
that when both gaming systems are set to an initial challenge level of ‘easy’, a significantmajor-
ity (Z-test: p = 0.037) of participants prefers the personalised system over the static system
(seven over three participants). Furthermore, we observe that when both gaming systems are
set to an initial challenge level of ‘normal’, a significantmajority (Z-test: p = 0.037) of partici-
pants prefers the personalised system over the static system (also seven over three participants).
However, when both gaming systems are set to an initial challenge level of ‘hard’, only four
participants prefer the personalised system over the static system (three participants), with the
remaining three participants preferring neither.

Overall, we detect a preference towards the personalised system in 18 out of 30 tests, while
only in 9 out of 30 tests the static system is preferred.
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Figure 7.3: Pairwise preferences of par cipants, per ini al challenge level. The legend is a as follows,
‘P’ indicates a preference for the personalised system, ‘S’ indicates a preference for the sta c sys-
tem, ‘B’ indicates that both are preferred equally, and ‘N’ indicates that neither is preferred; both are
equally unpreferred.

7.5.3 Modelling Approach: Game Personalisation through Facial Expres-
sion &Head Pose Estimation Analysis

This approach discusses dynamic difficulty adjustment through a trainedplayermodel, which
is based on facial expression & head pose estimation analysis. Similarly to the heuristic ap-
proach, our aim is to translate player emotions into in-game difficulty adjustments. However,
instead of using heuristics, we employ a classification task to predict player challenge level (the
perceived chunk-specific difficulty level).

Model feature selection

Although neutralness, anger and happiness were the most frequently expressed emotions, all
emotions classified by InSight will be employed as features in our model. In that way, in
cases where happiness, anger and neutralness are not the ‘dominant’ observed emotions, we
are still able to extract information about player engagement.

Furthermore, to be able to measure user engagement beyond facial reactions, we have de-
cided to track head pitch, roll & yaw along with the emotions vector. We have observed that
players tend to change their posture with respect to the computer screen during the course
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of a game, either impreceptively or suddenly, while expressing certain emotions. Such move-
ments can negatively impact the quality of the emotion estimations made by InSight. For
example, by tilting their head downward, players may be mistakenly classified as ‘angry’ even
though their expression is neutral. By adding head pitch, roll & yaw to our system we aim
to correlate emotion measurements with head pose measurements, in an attempt to ‘explain’
sudden bursts of emotions.

Lastly, we have decided to add both current in-game difficulty and an estimation of player
challenge level to the feature set. Current difficulty level tracking can help discriminate spon-
taneous from consistent emotional activity, assuming that harder difficulty levels can cause
persistent frustration, while lower difficulty levels tend to be encountered with higher aver-
age neutralness by players. Furthermore, in Section 7.4.2 we have shown that incorporating
the actual difficulty level in the classifier substantially improves predictions on perceived dif-
ficulty. Challenge level is represented by a user-feedback based 5-point Likert scale for each
game chunk. It is an integer value in the span [1,2,...,5], with 1meaning ‘too easy’, 5 meaning
‘too challenging’ and 3 representing ‘optimal challenge level’.

Model Training

We have chosen to predict player challenge level using a Random Forest Classifier (RFC), be-
cause it enables us to retrieve a probability distribution over all possible output classes given
unknown input. Also, its computational efficiency is considered to be appropriate for online
adaptation. The RFC parameters used were depth = unlimited, numberOfIterations = 100,
bagSize = 100. Lastly, the RFC was also able to accurately model player affect in the studies
conducted in Chapters 3 and 4.

In order to train the RFC, we introduced players to the personalised game, and asked
them to finish 10 segments of InfiniteMario Bros. at each difficulty level ([1,2,...,5]). Af-
ter completing each segment, users manually determined a Likert value (1-5) for each chunk
separately through an in-game self-report prompt. This user feedback-basedmethod has been
employed inprevious studies, such as Shaker et al. (2011), andderives fromIJsselsteijn’sGame
Experience Questionnaire (GEQ)2 (2013). In total, we have created a training set of approxi-
mately 1250 instances (25 participants), each labeled with a Likert estimate. We have selected
both female and male players with varying skill levels, to train the RFC, so as to include as

2We are aware of the recent criticism that has risen regarding the use of GEQ (Law, Brühlmann, & Mekler,
2018). However, given the simple and straightforward nature of our scoring variables, we do not expect this
choice to affect the integrity of our findings.
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Figure 7.4: Average chunk specific Likert preference during system training.

much variety in our data as possible during the training phase.
In Figure 7.4, the average Likert value determined by the players participating in the train-

ing phase is illustrated. One can observe a tendency of the average user to consider the hardest
‘Jump’ chunk possible (5) as the approximately optimal challenge level, while most of the
chunks’ optimal challenge level (3) seems to lie between difficulty levels of 3 and 4.

Player challenge level, described via the Likert estimate, is our model’s target class, during
the testing phase. When unknown instances are acquired by players, the expected output of
theRFC is a probability distribution over the Likert estimates for each chunk type. The classi-
fication task is performed at the end of each segment, or right after in-game death. The Likert
probability distribution estimated online by the RFC will immediately be used to perform
game adaptations as described below.

Game Personalisation

Algorithm 2 describes the game personalisation procedure implemented in this approach.
Feeding the observed instance (In) into the RFC classifier, we obtain a probability distribu-
tion PLi over all possible Likert classes Li ∈ [1, 2, 3, 4, 5]. We then calculate an overall Likert
estimate value Elikert = L[i] ∗ PLi . Using this value, game adaptations will take place, by ad-
justing the game difficulty for the next game segment, for each chunk individually. However,
before actually calculating the next game difficulty setting, we normalise Elikert to calculate
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Figure 7.5: Pairwise preferences of par cipants on the modelling approach, per ini al challenge level.
The legend is as follows, ‘P’ indicates a preference for the personalised system, ‘S’ indicates a prefer-
ence for the sta c system, ‘B’ indicates that both are preferred equally, and ‘N’ indicates that neither
is preferred; both are equally unpreferred.

Algorithm 2 Game Personalisation using a Random Forest Classifier
1: procedureRFCPersonalisation(In) ▷Unknown Instance
2: PLi ← classifyInstance(In)
3: for i← each : chunk do
4: Elikert = L[i] ∗ PLi

5: Enormalised = Elikert ∗ 1.5− 4.5
6: round(Enormalised)
7: newDifficulty = previousDifficulty− Enormalised
8: end for
9: return newDifficulty
10: end procedure

Enormalised = Elikert ∗ 1.5 − 4.5. This normalisation factor adjusts the minimum and maxi-
mum increase/decrease applied onto game difficulty to lie in the span of integers [-3,-2,...,3].
By doing this, we avoid increasing/decreasing game difficulty by extreme values (-5,-4,+4,+5)
when the Likert estimate is close to its limits (1 or 5), an adaptation which we consider too
steep to take in one single step of the personalisation algorithm.
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Initial Difficulty Most Challenging Most Immersive Most Frustrating

Easy

P 95% 100% 75%
S 5% 0% 25%
N 0% 0% 0%
B 0% 0% 0%

Normal

P 71% 57% 67%
S 29% 23% 33%
N 0% 4% 0%
B 0% 16% 0%

Hard

P 55% 39% 0%
S 33% 39% 83%
N 0% 11% 0%
B 12% 11% 17%

Table 7.5: Par cipants’ preferences star ng at ‘easy’, ‘normal’ and ‘hard’ game difficulty se ngs. The
legend is as follows, ‘P’ indicates a preference for the personalised system, ‘S’ indicates a preference
for the sta c system, ‘B’ indicates that both are preferred equally, and ‘N’ indicates that neither is
preferred; both are equally unpreferred.

7.5.4 Modelling approach: Experiments & Results

In this section we will discuss the experiments and results retrieved, regarding the modelling
approach.

Online Personalisation - Pairwise Tests

In order to assess the modelling approach we have ran a set of pairwise tests, in which partic-
ipants were asked to complete three segments of two different versions of Infinite Mario
Bros.: a static (baseline) version versus a personalised version. After completing both tasks
in three distinct difficulty levels (easy, normal, hard), the participants were asked to answer
the following questions:

• For which game did you find the challenge level more appropriate?

• Which game did you find more challenging?

• Which game did you find more immersive?

• Which game did you find more frustrating?

Note that participants were not aware of the currently played game difficulty, and that the
sequence in which different difficulty levels were played was randomised.
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(a) Straight chunk difficulty adaptation (b) Hills chunk difficulty adaptation

(c) Tubes chunk difficulty adaptation

(d) Jump chunk difficulty adaptation (e) Cannons chunk difficulty adaptation

Figure 7.6: Comparison of difficulty adapta on (per chunk) in the heuris c and modelling approach.
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A total of 25 players (20 male, 5 female) compose the test set in this experiment. These
participants have been recruited at theUniversity of Amsterdam and the authors’ social circle,
and are not included in the model training data. The answers available to them again follow
the 4-AFC protocol, as in the heuristic approach’s experimenting, meaning that participants
could choose P over S or S over P, both equally preferred or both equally unpreferred.

Pairwise Tests - Challenge level

As Figure 7.5 illustrates, a majority of the participants show preference for the personalised
version of the game when starting at ‘easy’ and ‘normal’ difficulty settings. However, prefer-
ence levels tend to drop as the starting difficulty setting gets harder. Staring at ‘hard’ difficulty
settings, even though the personalised version was not preferred by the majority of the partic-
ipants, it was still more preferable than the static version.

As in the heuristic approach, players seem to favour a personalised gaming experience
rather than a static one. However, even though the majority is statistically significant, one
can observe a portion of the participants choosing neither of the two versions, when starting
at hard game difficulty. This implies that our system is adapting game difficulty efficiently at
easy and normal starting difficulty settings, but drops in performance during hard difficulty
game sessions. A possible explanation is that user anger – which should be the main adapta-
tion factor in this case –may not be a sufficient descriptor, or the system should be fine-tuned
so as to bring sharper in-game adaptations when anger is detected.

A significance test (Z-test) has been run on the above results, with the preference of the
majority for the personalised version being significant in all starting conditions: p = .0001
in the ‘easy’ condition, p = .0008 in the ‘normal’ condition and p = .005 in the ‘hard’
condition.

Pairwise Tests - Demographics

In order to be able to explain the high percentage of participants choosing neither of the two
versions when starting at ‘hard’ game difficulty levels, we have analysed the demographic in-
formation they have provided us with.

Table 7.5 illustrates the answers retrieved by the participants on the secondary questions.
As can be observed, when starting at easy or normal game difficulty settings, the personalised
version is consistently considered to be the most challenging, immersive but also frustrating
version. However, when starting at hard game difficulty settings, the personalised version is
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equally preferred to the static one as ‘most immersive’, while still considered to be the most
challenging one. An important observation in this case is that the static version dominates
over the personalised one as ‘most frustrating’ with a percentage of 83% over 0%. We believe
this phenomenon refers to the fact that the personalised versionmost of the time adapts to the
player’s frustration and decreases game difficulty, whereas the static version is not designed to
adapt, thus, maximises potential player frustration. However, studies like (Roest & Bakkes,
2015) have shown that video games can still be considered engaging while being frustrating.
Thus, we may interpret the frustration detected right after in-game death as a possible moti-
vational factor, as long as the participants do not abandon the game.

Regarding players abandoning the game before finishing the experiment, we found that
those who abandoned, on average, played considerably less hours per week from those who
finished the experiment (6.5 v. 23 hours spent gaming per week). As a consequence, we may
state that our system is partially dependent on player skill level, although game abandonment
may occur for reasons other than lack of player skill. Furthermore, players with a higher av-
erage of hours spent gaming per week, generally required less effort to familiarise with the
game’s controls, if not already familiar.

7.5.5 Discussion

Below, we will analyse the findings of our main study, particularly focusing on in-game dif-
ficulty adaptation, as well as in-game difficulty convergence to an appropriate level, for the
individual player.

It is clear that in both versions of our game personalisation system as described in 7.5.2
and 7.5.3, a significantmajority of the participants has consistently preferred the personalised
version over the classical (static) version of the game, starting at ‘easy’ and ‘normal’ difficulty
settings.

Putting the twodifferent approaches in comparison, in themodelling approach (7.5.3)we
observe improved system convergence, i.e. the number of game segments necessary in order
to reach an ‘optimal’ in-game difficulty setting is reduced in the modelling approach (see Fig.
7.6(a) – 7.6(e)).

Adapting to the individual player

In general, we have observed smoother adaptations of in-game difficulty in the modelling ver-
sion of our system. As Figure 7.4 shows, users who participated in the model’s training set
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have set the optimal difficulty settings (Likert value of 3) between difficulty levels 3 and 4.
The trained model can consistently correlate different facial expressions (which may include
headmovement) to a particular user challenge level, leading to smoother in-game adaptations,
while the same user behavior would lead to steep adaptations in the heuristic system.

For example, inFig. 7.6(a)–7.6(e)we illustrate howtheheuristic andmodelling versionof
our system adapt the game to the same player, when starting at hard in-game difficulty settings
in a four segment game session. Weobserve that themodelling version favours smoother game
difficulty adaptations, but does not decrease difficulty below level 3. However, the first system
allows steeper adaptations, which can lead to lower in-gamedifficulty (between1 and2)which
might be preferred by this particular user.

Difficulty setting convergence

We have also examined whether (and how) in-game difficulty settings converge to the appro-
priate levels for the individual player. Generally, players tend to gain game skills throughout a
game session. Our system should be able to immediately adapt to fast changes in player skill.

Looking at Fig. 7.6(a) – 7.6(e), it is obvious how the modelling version of our system
converges to the appropriate game difficulty setup after approximately 12 iterations of the
algorithm, whereas the first system has not managed to converge to the optimal setup in the
same time. The latter means that either the user’s emotions are not yet stable through con-
secutive segments, or the user’s neutral expression levels are still high. However, we may state
that the difficulty settings determined by the first system by the end of the session are aiming
towards the setup which the modelling version has converged to.

7.6 Conclusion

In this chapter, implementedmodels to predict the difficulty of games using facial expression
data of players and propose real-time game adaptations in order to maximise player engage-
ment. As discussed in Chapter 6, we chose to shift our focus away from player physiology
and employ a less invasive means of monitoring player affective state, namely facial expression
analysis.

The first part of this study aims to answer ResearchQuestion 3: How can wemodel player
affective states in entertainment games? As shown, we were able to implement an affective
player model which can predict with relatively high accuracy (72%) the actual difficulty level
that is being played based on the facial expressions of players. We were able to predict with
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77% accuracy the perceived difficulty of a gamewhenmultiple levels are taken into account at
the same time, whereas taking these levels into account individually resulted in 88% accuracy.

RegardingResearchQuestion 4: How canwe employmodels of player affective states to pro-
vide personalised entertainment game experiences? The second part of this study presents user
studies using the video game Infinite Mario Bros. which revealed that game personalisa-
tion through heuristicmethods can provide an effective basis for converging to an appropriate
affective state for the individual player. Furthermore, building amodel of player affective state
made accurate real-time in-game difficulty adaptation possible even through noisy emotion
estimations (due to head movement), while it also achieved faster convergence compared to
the heuristic method. As such, we may draw the overall conclusion that online and unobtru-
sive game personalisation is feasible by solely using facial expression analysis, while head pose
detection can contribute to an even more effective game adaptation mechanism.
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8
Multiplayer Tension In theWild: A

Hearthstone Case

This chapter addresses Research Question 3: How can we model player affective states in
applied games?
Based on:

• Mavromoustakos Blom P., Melhart D., Liapis A., Bakkes S., Spronck P., Yannakakis G.
2022. Multiplayer Tension In theWild: A Hearthstone Case [Work in Progress]

• Mavromoustakos-Blom, P., Kosa, M., Bakkes, S., & Spronck, P. (2021, August). Corre-
lating Facial Expressions and Subjective Player Experiences in Competitive Hearthstone.
InThe 16th International Conference on the Foundations ofDigitalGames (FDG) 2021
(pp. 1-5).
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Games are designed to elicit strong emotions during game play, especially when players
are competing against each other. In the previous chapters, we have mainly studied single-
player experiences in low-stakes settings and short-term interactions. How do players experi-
ence and manifest affect in high-stakes competitions, and which modalities can capture this?
This chapter reports a first experiment in this line of research using a competition of the two-
player digital game Hearthstone, where both competing players’ game play and facial expres-
sions were recorded over the course of the entire match which could span up to 41 minutes.
Using two experts’ annotations of tension using a continuous video affect annotation tool,
we attempt to predict tension from the webcam footage of the players alone. Tension was
annotated post-experiment from facial and game screen recordings to ensure an unobtrusive
experimental setup and was defined as “a feeling of excitement, exhilaration, and suspense,
or frustration and nervousness”; an affective state we expect players to experience given the
multi-player competitive setting of the experiment. Each game was annotated by both anno-
tators separately. Treating both the input and the tension output in a relative fashion, our
best models reach 57.9% average accuracy (up to 65.1% at the best fold) in the challenging
leave-one-participant out cross-validation task. This initial experiment shows a way forward
for affect annotation in games “in the wild” in high-stakes, real-world competitive settings.

8.1 Introduction

Video games are considered one of the leading interactive entertainment media, because
of their capability to elicit emotions from the participants (Lazzaro, 2009). Recent stud-
ies have employed games in order to analyse the affective state of players (Sekhavat, Roohi,
Mohammadi, & Yannakakis, 2020; Vachiratamporn, Legaspi, Moriyama, Fukui, & Numao,
2015; Makantasis, Liapis, & Yannakakis, 2019) as well as the audience of online video game
streams (Melhart, Gravina, & Yannakakis, 2020). Moreover, analysing player affect can play
a major role during the design of games (Yannakakis & Paiva, 2014). As discussed in Chap-
ter 7, the analysis of player affect can enable the implementation of personalised video games,
which adapt to players’ affective state during game play.

Currently, most studies regarding player affective state analysis consider small-scale single-
player casual (video) games. However, if performed in a competitive multi-player environ-
ment, the study of player affect can expand beyond examining players’ affective responses to
game events; it enables the study of facets such as affective player interaction and emotion
contagion (Doyran et al., 2021). Furthermore, the study of player affect “in the wild”, al-
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though challenging, encapsulates the spontaneity of players’ affective responses and boosts
generalisability towards real-life game play sessions. Accurately modelling a player’s affective
state during game playmay facilitate not only computers but also humans tomap their oppo-
nent’s affective responses to (hidden) in-game information.

In the present chapter, we analyse player affect in the wild during a multi-player digital
card game competition. Our goal is to predict player tension by analysing their facial ex-
pressions during game play. Similar studies have previously attempted to analyse player af-
fect during card games; however, they were conducted under strictly controlled experimental
conditions (Schneider, Hempel, & Lynch, 2013; Vinkemeier, Valstar, & Gratch, 2018). We
consider this work novel in terms of (a) player affect analysis in a competitive, multi-player,
in the wild setting and (b) treatment of this difficult dataset through signal gradient anal-
ysis (Camilleri, Yannakakis, & Liapis, 2017) and leave-one-participant-out validation. Ulti-
mately, this research may contribute towards the interpretation of players’ affective responses
with respect to hidden in-game information and can be employed for the analysis of a real-
world, multi-player competitive game broadcast.

8.2 RelatedWork

Player affect has been recognised as an important factor for the design of engaging (video)
games (Hudlicka, 2008). Games have been employed by researchers to not only elicit emo-
tions, but also to evaluate, express and synthesise them (Yannakakis & Paiva, 2014). A cen-
tral goal of the study of emotion is games is to connect players’ emotions to their in-game
experiences (Yannakakis & Paiva, 2014). The study of human affect through digital means
is often coined affective computing, i.e. computing that relates to, arises from, or influences
emotions (Picard, 2000).

Facial expressions are one of the most studied modalities in the domain of affective com-
puting, as the human face is regarded as the human body’s most expressive part (Noroozi et
al., 2018). The study of the human face does not only consider facial expressions as manifes-
tations of emotion, but may also include eye gaze (Istance, Hyrskykari, Vickers, & Chaves,
2009; Lankes, Maurer, & Stiglbauer, 2016) and head pose tracking (Mavromoustakos Blom,
Methorst, Bakkes, & Spronck, 2020). Ekman and Friesen introduced the Facial Action Cod-
ing System (FACS) (Ekman & Friesen, 1978; Ekman, Friesen, & Hager, 2002), a system that
identifies groups of muscles which are activated in order to form a facial expression. These
muscle groups are also referred to as Action Units (AUs). Numerous studies have been con-
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ducted in order to associate the activation and intensity of specific AU movements to the
underlying human emotions (Scherer, Ellgring, Dieckmann, Unfried, & Mortillaro, 2019;
Amini, Lisetti, & Ruiz, 2015; Zhang, Zhang, & Hossain, 2015; Ekman & Friesen, 1982).
However, researchers have argued that facial expressions are not always directly correlated to
genuine emotions (Dibeklioğlu, Salah, &Gevers, 2012). Several studies have been focused on
players’ facial expressions during game play (Mavromoustakos Blom et al., 2020; Psaltis et al.,
2016; Piton, Mavromoustakos-Blom, & Spronck, 2020). Using multiple modalities (includ-
ing player facial expressions), Doyran et al. (Doyran et al., 2021) have collected a rich dataset
containing annotations of player affect and interaction analysis during board game sessions.
Similarly to the present study, Piton et al. (2020) used game play sessions of Hearthstone
to validate the peak-end memory effect in the context of a digital card game. The peak-end
rule suggests that humans are likely to judge an experience based on the emotions they felt
at its peak and at its end (Kahneman, Fredrickson, Schreiber, & Redelmeier, 1993). Indeed,
players’ retrospective memory of game play sessions was mainly represented by the most emo-
tionally arousing moments or the final moments of the game. Despite the fact that players’
self-reports validated the peak-end effect, an analysis of their facial expressions did not yield
the same results. In the present chapter, we will explore whether Hearthstone players’ facial
expressions any descriptive information about their feeling of tension.

Assessing the affective state of (video) game players has been the core of several studies,
varying from clinical play sessions (Doyran, Türkmen, Oktay, Halfon, & Salah, 2019; Hal-
fon, Doyran, Türkmen, Oktay, & Salah, 2021; Holmgård et al., 2015) to creating a virtual
chess opponent that shows emotion (Kovács, Ruttkay, & Fazekas, 2007). To human players,
emotion recognition canbe highly relevant for gameplay; for example, poker players base their
decisions on the assessment of the opponent players’ emotions (manifested mostly through
their facial expressions andmotor actions) asmuch as on their own strategic knowledge of the
game (Johansen-Berg & Walsh, 2001). This can be generalised over most card games, where
players attempt to extract hidden information from their opponents’ speech, body motion
and facial expression patterns (Johansen-Berg & Walsh, 2001). More specifically, Slepian et
al. (2013) have discovered a positive correlation between upper limbmotion smoothness and
a poker players’ hand quality. In similar fashion, Vinkmeier et al. (2018) were able to predict
poker hand folds by analysing players’ facial expressions using the FACS. Apart from facial
expression analysis, games have also been used as a medium to recognise, monitor, or even
manipulate player stress levels (Holmgård et al., 2015). For a systematic review of the psycho-
logical and physiological stress (mostly measured through players’ heart rate) in competitive
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and non competitive games, we refer readers to Leis and Lautenbach (2020). In this chapter,
we analyse player facial expressions in order to estimate tension; an affective state that has been
related to stress (Kerr, Fujiyama, & Campano, 2002). While players may experience stress (as
defined it in Chapter 1) in the context of this experiment, we considered tension as the target
affective state as it may derive from both player facial expressions and game state.

The link between user affective states and biophysical data under controlled laboratory
settings has been established (Schmidt, Dürichen, Reiss, Van Laerhoven, & Plötz, 2019).
However, new technologies have been developed to enable affect measurement in the wild
(i.e. non-controlled experimental conditions) (Picard, 2011). In this context, extracting a
user affect baseline is a highly challenging task; to that end, researchers have employed partic-
ipant self-report (Schmidt et al., 2019) and human expert annotation (Avots, Sapiński, Bach-
mann, & Kamińska, 2019) mechanisms. Various datasets discussing affect measurement in
the wild have been published, such as AffectNet (Mollahosseini, Hasani, & Mahoor, 2019),
SFEW (Dhall, Goecke, Lucey, & Gedeon, 2011), AFEW (Dhall, Goecke, Lucey, & Gedeon,
2012) and FG-Emotions (Liang, Lang, Li, Feng, & Zhao, 2020). Regarding facial expression
analysis in the wild in particular, themost prominent affect recognitionmethods aremachine
learning (Ly, Do, Lee, Kim, & Yang, 2019; Avots et al., 2019) and deep learning (Liang et al.,
2020; Reddy, Savarni, & Mukherjee, 2020; Shao & Qian, 2019). In this chapter, we collect
player facial expressionmeasurements in the wild (with respect to changes in illumination, so-
cial interactions between players and face occlusion during recording). We employ machine
learning methods to estimate player tension and use human expert annotations as ground
truth.

8.3 Experiment

Tocapturemanifestations of emotion inhigh-stakes settings, aHearthstone competitionwith
commercial rewards was conducted at Tilburg University onMay 4th, 2019. This section de-
tails the game, the participants, the protocol followed, the data collected during the competi-
tion, and the annotation of tension after the competition.

8.3.1 The game competition

We chose Hearthstone as the competitive game for this study (see Figure 8.1). Hearthstone is
a one vs. one digital collectible card game and one of the world’s leading esports (competitive
games) titles. In Hearthstone, players build decks of 30 cards from a large card collection
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Figure 8.1: A screenshot of the Hearthstone game board.

and compete against their opponents’ decks. The goal of the game is to bring the opponent’s
health points to zero (starting at 30). The game is played in turns; on each turn, the acting
player draws a card and can use a limited resource (called “mana”) to play cards from their
hand onto the game board. These can either be monster cards, which are used to attack the
opponent’s monster cards or the opponent’s health points, or spell cards, which interact with
the game board or the players’ health points directly. As soon as a player’s health points are
reduced to zero, the game ends and the winner is declared.

The competition was set up in best-of-three match format; the first player to win two
games would win a match. However, each player was allowed one match loss; losing two
matches meant elimination from the competition. This means that even players who did not
win anymatches, would play at least four games during the competition. Moreover, the semi-
finals and finals of the competitionwere played in best-of-five format (first player to win three
games wins the match). A total of 31 matches (78 games) were recorded, due to one match
being discarded from the dataset because of webcam recording failure.

Commercial rewards were offered to the players finishing in the top three positions. A
gaming mouse and a handmade souvenir Hearthstone card was offered to player ranked first.
Players finishing in positions two and three received a Blizzard gift card. We included com-
mercial rewards in our experimental protocol as ameans of enhancing the competitive nature
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Figure 8.2: Top-down overview of the Game Lab’s setup. Opponent players were always assigned to
opposing PCs (e.g. PC 1 and PC 6). Eye contact between opponents was ensured by se ng monitors
to minimum height.

of the tournament, and consequently increasing players’ motivation to win.
Before each match, every player declared three (in best-of-three matches) or four (in best-

of-five matches) different classes (decks) that they had prepared. Each player was allowed to
ban one of their opponent’s decks before eachmatch. If a player won a gamewith one of their
decks, the winning deck was not allowed to be re-used in that match.

8.3.2 Experimental setup

The competition was held in a university computer lab area. The lab consists of two rows of
five computers facing each other (see Figure 8.2). For each match, the two opponent players
were seated on opposing PCs. To ensure eye contact between opponents was possible, the
computer monitors were set at the minimum height configuration. A webcamwas mounted
on top of eachmonitor, recording player facial expressions at 30 frames per second. Alongside
the webcam feed, Open Broadcaster Software (OBS) was used to record the game screen. The
Game Lab’s computers are equippedwith high-end processors andGPUs, as well as a Gigabit
cable Internet connection, ensuring minimum latency for recordings and game play.

Only currently competing players were allowed in the lab area, to prevent external distrac-
tions from the audience. Before their first match, players signed an informed consent form
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Table 8.1: Proper es of the captured Hearthstone compe on dataset

Properties Dataset

# Participants 17
# Games 78
# Videos 156
Video database size 26.5 hours
Video duration (minutes) mean: 10.4, min 4.2, max: 40.6
# videos per participant mean: 9.1, min: 4, max: 21

Annotation Perspective Third-person
Annotation Type Continuous unbounded
Affective Labels Tension

which explained this study’s goals and data collection processes. Participants were instructed
to remain seated for the entire duration of their match and to refrain from looking at adja-
cent players’ monitors. The latter ensured that (a) players would face their webcam for as
long as possible and (b) players would not gather information about their prospective oppo-
nents’ decks. No other restrictions were applied, resulting in loosely controlled experimental
conditions. For example, players could interact with their opponents during matches. We be-
lieve that by imposing as few restrictions as possible, we created suitable conditions to capture
players’ spontaneous facial reactions.

8.3.3 Process of Data Collection in theWild

Alongside the informed consent form that participants signedbefore their firstmatch,weused
a short questionnaire to gather demographic information. This included participants’ gender,
age, estimated hours per week spent on Hearthstone, and a subjective scoring on experience
with Hearthstone on a 1 to 5 scale.

Players’ webcam feed and game screens were captured in a single video file, through the
OBS software. Thewebcam feedwas positioned at the bottom left of the recording file, while
the game screen was positioned at the top right (see Figure 8.3). The overlap between the
two captures at the bottom left of the game screen capture does not occlude any important
game features. For each computer, recording started 15 minutes before the launch of the
competition, and ended after the final game was played. The start and end timestamps of
each game, as well as the relevant participant IDs were manually annotated afterwards by the
authors. The start of a game was defined as the moment when the player classes (decks) are

146



Figure 8.3: Overview of the video recordings. Webcam feed is captured at the bo om le and game
screen is captured at the top right of the recording video file.

announced and shownonplayers’ screens; the end of a gamewas defined as themomentwhen
the result of the game is announced and shown on the game screen.

8.3.4 Participants and Video Dataset

For this study, 17 players (all male, μ = 22.7 years, σ2 = 3.6 years of age) singed up and
participated in the competition. The average experience of players was μ = 3.4 (σ2 = 1.2)
and the average hours per week reported were μ = 9.4, (σ2 = 6.8). Furthermore, a unique
participant ID was assigned to each player, for anonymity purposes.

A total of 31 Hearthstone matches (78 games) were recorded, resulting in 156 separate
game play videos (78 games× 2 players). The total duration of the recordings was 26.5 hours,
with an average per-game duration of 10.4 minutes. Each participant played 9.1 games on
average. Table 8.1 summarises the dataset’s main properties.

8.3.5 Third-person Annotation of Tension

Tension was manually annotated by two expert Hearthstone players using the PAGAN con-
tinuous annotation tool (Melhart, Liapis, & Yannakakis, 2019) . The annotation was con-
ducted in June 2020, 13 months after the competition took place. In particular, we used
PAGAN’s RankTrace annotation method (Lopes, Yannakakis, & Liapis, 2017) and defined
tension as an unbounded continuous variable. Annotators were instructed to annotate “the
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Figure 8.4: Graphical illustra on of the 90-frame mean tension value calcula on. The raw annota on
trace (30Hz) is in blue, and the mean tension per 90-frame window is shown as red circles.

level of tension in the video” for each game video in the dataset, which means that the anno-
tators considered both the state of the game and the players’ facial reactions while annotating.
Annotators extracted a tension trace per video by scrolling the mouse wheel up, indicating
an increase in tension, or down, idicating a decrease in tension. Each game was annotated by
both annotators separately.

It is important to note that besides tension, the expert players also annotated a player’s
winning advantage through a per-frame discrete variable, namely+1 (likely to win), 0 (tie) or
−1 (likely to lose). However, the analysis and prediction of players’ winning probability falls
outside the scope of the present study.

8.4 Tension PredictionMethodology

In this section, the treatments of the video recordings and tension annotations are described,
as well as the algorithms used to predict tension from players’ facial expressions.
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Figure 8.5: Graphical illustra on of the tension labelling thresholds. Values above 0.1 are labelled as
‘high’ and values below−0.1 are labelled as ‘low’ tension.

8.4.1 Facial Expression Extraction

For each game, the game screen and webcam feed were captured in the same video file. Thus,
no synchronisation was necessary between in-game events and player facial responses. In this
study, only the window containing the player’s face is extracted and processed. The Open-
Face (Baltrusaitis, Zadeh, Lim, &Morency, 2018) library is used to extract per-frame estima-
tions of facial Action Unit (AU) presence and intensity, as well as head pose and eye gaze
estimations. OpenFace is capable of extracting a total of 18 AUs, with an intensity value be-
tween 0 and 5. In addition head pose and gaze estimates are extracted. Table 8.2 lists the 23
features extracted from the video feed.

8.4.2 Processing Tension Annotations

Before processing the tension annotations, the entire dataset was re-sampled from 30 frames
per second (video recording frequency) to one frame per 3 seconds by using a 90-frame aver-
aging window (see Figure 8.4). A 3-second (90-frame) window was chosen in order to bet-
ter capture the nuances of affect over a longer period of time, since emotion manifestations
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Table 8.2: List of features that were extracted from video processing and tension annota on.

Modality Features

AU intensity AU01 (Inner brow raiser), AU02 (Outer brow raiser), AU04
(Brow lowerer), AU05 (Upper lid raiser), AU06 (Cheek raiser),
AU07 (Lid tightener), AU09 (Nose wrinkler), AU10 (Upper lip
raiser), AU12 (Lip corner puller), AU14 (Dimpler), AU15 (Lip
corner depressor), AU17 (Chin raiser), AU20 (Lip stretcher),
AU23 (Lip tightener), AU25 (Lips part), AU26 (Jaw drop),
AU28 (Lip suck), AU45 (Blink)

Gaze gazeX, gazeY

Head Pose poseX, poseY, poseZ

may occur with delays. Past studies in a multitude of affect datasets (Lopes et al., 2017; Mel-
hart et al., 2019; Ayata, Yaslan, & Kamaşak, 2016) has shown that 3-second time windows of-
fer the best tradeoff between capturing enough emotion cues and maintaining a sufficiently
large dataset for training. The unbounded tension traces of each annotator were normalised
to a value range of [0, 1] through min-max normalisation. When aligning with facial expres-
sion data, tension annotations were corrected by 1 second to account for annotator reaction
lag (Mariooryad & Busso, 2014).

8.4.3 Temporal Gradient and Labelling

Using the data processing techniques described above, we extracted a set of features which
are used to analyse player tension and facial expressions (see Table 8.2). We calculated an ad-
ditional gradient value for each feature (including tension traces), to represent a window-by-
window trend (increasing, decreasing or stable) in each feature’s signal. During classification,
we will train a model using the gradient feature values in order to predict the gradient values
of tension.

We defined thresholds in order to label the tension trace datapoints. In particular, for
the raw (non-gradient) tension trace, we calculated the mean value of the entire trace (μA)
and labelled time windows with values above μA + 10% as “high tension” and values below
μA − 10% as “low tension”. Accordingly, the same process was repeated for the gradient
tension trace (see Figure 8.5) by labelling positive values above 10% as “high” and negative
values below -10% as “low”. This means that our classification task is binary; we train and
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test our models only using the labelled values (high or low tension). The 10% threshold was
chosen empirically, with the purpose of isolating steep changes in tension annotation from
subtle changes which can be erroneous (e.g. annotators mistakenly scrolling themouse wheel
by one unit).

8.4.4 Annotator Trace Aggregation

Inorder to aggregate the two annotator’s tension traces in ordinal fashion (Yannakakis, Cowie,
& Busso, 2018), we used an ambiguity-aware (AMBER) aggregation method (Sethu et al.,
2019). After having normalised and labelled the annotator’s tension traces, we discarded all
datapoints where the annotators’ tension labels showed absolute disagreement (high vs. low
tension or vice-versa). This means that the datapoints where the two annotators showedmild
disagreement (high vs. stable or low vs. stable tension) were still included in the data set.
Through this aggregation method, approximately 3% of the total datapoints were discarded.
During the classification task, we used three different label sets; annotator A’s labels only, an-
notator B’s labels only, and the AMBER aggregated labels.

8.4.5 Classification Task

We used the acquired dataset to run a classification task, setting the tension value labels as the
target class. The goal of this classification task is to explore whether, and to what extent, a
player’s facial expressions can be a good predictor of tension during a competitive high-stakes
game.

A Random Forest was the preferred classifier, as it has shown to perform well in the
classification of player facial expressions within the context of games (see Chapter 7). Ran-
dom Forests are decision-tree based learning algorithms that can be employed in both clas-
sification and regression tasks. We implemented Random Forest classifiers through the
scikit-learn.ensemble python library.

The classification task was conducted using a leave-one-player-out method, meaning that
the classification task was 17-fold; each fold used a separate player’s facial expression data as
a test set, and the predictive model was trained on the remaining 16 players’ data. Every clas-
sification fold was run 5 times and the average score was calculated. To ensure class balance
before classification, the minority class was over-sampled using SMOTE (Chawla, Bowyer,
Hall, & Kegelmeyer, 2002). Over-sampling was applied both to the training set and the test
set.
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Figure 8.6: Classifica on accuracy using feature mean values vs. using feature mean and maximum
values (raw vs. gradient signal).

8.5 Results

We ran several classification tasks, using and comparing various feature sets and tension traces.
We used both “entropy” and “gini” as Random Forest criteria functions and observed similar
results. N_estimators was set at 100 (scikit-learn.ensemble default value).

In all tasks, we use the aggregated (AMBER) tension trace labels as the classification target.
First of all, we tested whether using gradient feature values to predict the gradient tension
trace would increase classification accuracy compared to using the original (raw) feature and
tension values. Additionally, we testedwhether addingmaximumfeature values (per 3-second
timewindow)would improve classification accuracy. The different settings were applied over
various values of Random Forests’ decision tree maximum depth. As illustrated in Figure 8.6,
using gradient traces instead of raw traces increases predictive accuracy, while the addition of
feature maximum values did not have a noticeable effect on classification accuracy.

It is important topoint out that extracting the gradient signals greatly reduces the dataset’s
size; using raw tension signals, we accumulated an average of 17914 datapoints for training
and 1119 datapoints for testing per classification fold (leave-one-participant-out). Using gra-
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Figure 8.7: Classifica on accuracy for different feature and mul -player perspec ve se ngs (using
gradient signals only).

dient signals, we accumulated 3034 datapoints for training and 189 datapoints for testing per
fold.

Lastly, we tested whether considering the opponent’s facial expressions as features would
affect classification accuracy. Normally, in each classification fold we isolate a player and try
to predict their level of tension by looking at their own facial expressions; We were interested
in exploringwhether adding their respective opponents’ facial expressions as classifier features
would increase classification accuracy. Furthermore, we attempted to predict players’ tension
annotations by only using the opponent’s facial expression features as input for classification.
Interestingly, Figure 8.7 shows that employing a multi-player perspective seems to result in
higher accuracy by approximately 1.7%, compared to a single-player perspective. Classifica-
tion accuracy reached an average of 58% per fold when both players’ mean and maximum
facial feature values were used. Since the players could not see each other’s hand but shared
the same view of the game board, this result might indicate an emotion transfer between op-
ponents through a shared observable context (the game board).

Our tests lead to a highest of 58% accuracy when using the gradient feature and tension
signals through amulti-player perspective using average andmaximum feature values. For the
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same setup, the best fold reached68%accuracy. While the accuracy is considered relatively low,
the above results frame a solid baseline for this type of player affect learning. Our approach
provides a first step towards modelling player tension in the wild using recordings of their
facial expressions.

8.6 Discussion

In this chapter, we study the relationship between player facial expressions and the perception
of players’ tension via third-person annotations. Using a large dataset of over 26 hours and
78 complete games of Hearthstone, we implement models of tension from facial expressions
alone. Whenpredicting the gradient tension labels usingmaximumand average feature values
in a multi-player perspective, we reached an average accuracy of 57.9% across all folds and a
maximum accuracy of 65.1% at the best fold. The study argues that real-world instances of
gameplaywhere the tension levelmaybehigher due tohigh-stakes competition canoffermore
insight to the impact of game play on affect and its manifestations (e.g. via facial expressions).
The few studies using real-world footage of high-stakes games have so far focused on poker
tournaments (Slepian et al., 2013); with this study we contribute a novel treatment of real-
world high-stakes data that combines facial expressions and game play footage and provide
a first exploration for how this dataset can be processed to derive computational models of
tension.

While the dataset is rich in both breadth of games (including e.g. short games and very
long games) and in modalities captured (game footage, webcam feeds), it should be noted
that all participants in the tournament were white males. Earlier studies on players’ posture
and expression have shown that different genders can manifest emotion while playing dif-
ferently (Martey, Stromer-Galley, Banks, Wu, & Consalvo, 2014). Future iterations of the
dataset should strive for a broader diversity in the players captured. Another limitation in our
currentwork is that the third-person annotation of tensionmaynot be the optimalmethodof
labelling affect. We hypothesise that a first-person annotation trace, e.g. by the player watch-
ing their own game play footage after the game, could better capture the ground truth of their
affective states. However, such annotations could add more noise as each player can assess
only their own footage and annotate idiosyncratically, thus increasing noise. Moreover, ask-
ing players to annotate 10-minute videos during a competition could hinder their emotional
commitment to the high-stakes, “real-world” nature of the eliciting event.

This first exploration of the relationship between players’ expressions and tension can be
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expandedwith additional modalities. Since the duration of a game ofHearthstone can exceed
40 minutes, additional experiments could explore alternative treatments of the tension shifts
rather than the current gradients. Potential alternatives could explore longer time windows
when averaging both features and tension values (e.g. using each player’s game turn as time
window), or finding tension shifts with dynamic (and longer) time intervals rather the cur-
rent static (and short) gradient of 3 seconds. An obvious next step is to include the raw pixels
of the webcam footage as additional input to the processed features from OpenFace. More
ambitiously, the entirety of the captured video, including the game play footage, could better
capture the context for both the player’s facial expression and the annotators’ perceived ten-
sion. Since annotators were shown both game play footage and webcam feed (see Figure 8.3),
it is possible that one annotator may have focused on the webcam feed while another may
have focused on the game play context to assess tension. Therefore, through the use of deep
learning andmultimodal fusion (Ramachandram&Taylor, 2017) it is possible to capture the
patterns both in the pixels of game play (Makantasis, Liapis, & Yannakakis, 2021) and the pix-
els of the player’s webcam feed and better predict emotion. We expect deep learning models
to potentially detect players’ non-facial reactions, such as hand gestures.

Further analysis of this dataset was conducted during writing of the present thesis. By ap-
plying various labelling threshold values and defining a per-frame acceptance threshold (75%)
on the OpenFace analysis, we were able to increase classification accuracy to 66.3% (79.7% at
the best fold). Moreover, we employed amulti-player approach by analysing both opponents’
facial expressions to successfully predict one player’s tension labels. We have already run an
early-stage experiment, where the face recordings were fed as raw input into a 2-dimensional
convolutional neural network aiming at predicting a per-frame tension label. So far, we have
not observed any increase in classification accuracy using a deep learning architecture. How-
ever, we believe that a 3-dimensional convolutional layer or a recurrent neural network archi-
tecture may be possible ways of accurately modelling player tension in the future.

In a different line of research, we have employed this dataset in order to study the relation-
ship between players facial expressions and their level of expertise inHearthstone (Guglielmo,
Mavromoustakos-Blom, Klincewicz, & Spronck, 2022; Guglielmo, Mavromoustakos-Blom,
Klincewicz, Čule, & Spronck, 2022). We identified three clusters of player expertise, namely
novice, intermediate and expert players and built predictive models based on facial expression
features in order to predict the expertise level which a player belongs to. Our studies showed
that certain facialAUs (AU17,AU25andAU26) aswell as eyeblinkingbehaviour are accurate
predictors of players’ level of expertise. The fact that we can accurately model various aspects
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of player affective behaviour through this dataset increases its scientific value and encourages
us to further study player affect in a multi-player, competitive, in the wild setting.

Beyond the perceived tension of players and their level of expertise, future work will ex-
plore how facial expressions or even the predicted tension can be used as predictors of game
play outcomes, such as the final winner of thematch or the experts’ per-framewinning advan-
tage annotation. We believe that such predictions, if extracted through explainable AI, could
be leveraged by competitors in order to extract hidden in-game information (e.g. an opposing
player’s evaluation of the current game state) from their opponents’ affective signals.

8.7 Conclusion

This chapter studies how the facial expressions of players in a real-world and high-stakes com-
petition of a popular digital game can be used as predictors of the player’s tension levels. The
specifics of the dataset, collected in 2019 during a Hearthstone competition and combining
webcam feed with in-game footage, pose interesting challenges as discussed in the chapter.
The long (and inconsistent) duration of the videos, the imbalance of the dataset in terms of
how often certain participants appear, and the need for third-person annotation make the
problem more difficult. By treating the videos in a relative fashion and observing the differ-
ence in tension levels after a certain time interval, this chapter offers a way forward for process-
ing game play footage collected “in the wild”. The takeaways and key next steps that emerge
from this study can help drive research in this challenging affective modelling task.
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9
Conclusion
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This thesis presented a collection of studies which revolve around the implementation
and use of affective player models in video games. Every chapter contributed towards answer-
ing the problem statement that was posed in the introduction: How can we model player af-
fective states through video games? We approached this problem from multiple angles; Chap-
ters 3, 4, 5 and 2 focus on the analysis of player stress in crisis management training games.
Chapter 6 transitions from applied games into competitive entertainment games in order to
analyse player stress, while Chapters 7 and 8 shift from player stress analysis to player facial ex-
pression analysis through entertainment video games. The main takeaways of this thesis are
summarised as follows: 1) We offer an extensive study on single-player text-based crisis man-
agement training through an applied game, mainly aiming to model player stress responses;
furthermore, we propose methods of real-time training adaptation in order to create person-
alised crisis management training scenarios. 2) We propose methods to model player affect
(i.e. stress and tension) in high-stakes competitive video games through multiple modalities,
namely keyboard &mouse action tracking, in-game data and player facial expressions. 3) We
show that through real-time facial expression analysis, wewere able to successfully personalise
a single-player platform video game in order to maximise player engagement.

Our problem statement was divided into four research questions and each chapter pre-
sented an answer to one (or more) of them. The first research question enquires: How can we
model player affective states in applied games? We address this question in Chapters 3 and 4,
in which we introduce the Mayor’s Game as a crisis management training tool. The specific
player affective state thatwe discussedwas stress, whichwasmonitored through three separate
modalities; wearable physiological sensors, player in-game actions andplayer self-reports. First
and foremost, introduced mechanisms through which we would manipulate players’ stress
levels during game play; to that end, we employed time pressure in Chapter 3 and informa-
tion complexity inChapter 4. Then, by engineering a list of features from the aforementioned
modalities, we implementedmodels of player stress levels (see Tables 3.1 and 3.2). Using these
features we built affective player models using Random Forest structures, aiming to predict
the experimental condition that players participated in. The experimental conditions were
designed to elicit different levels of stress (i.e. low stress through low time pressure or high
stress through high time pressure). Moreover, we explored possible correlation across differ-
ent affective input modalities. For example, one of our tasks was to predict players’ in-game
actions by analysing their physiological signals and vice-versa.

Chapters’ 3 and 4 results show that we were able to predict the experimental condition
that players participated inwith relatively high accuracy. Thismeant that different experimen-
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tal settings had noticeable impact on players’ physiological signals and in-game behaviour. In
particular, both chapters concluded that players’ in-game behaviour was more indicative of
the current experimental setting rather than player physiology. However, though player phys-
iology only, we would still be able to predict the experimental condition in most cases. On
the contrary, player self-reports did accurately reflect the experimental condition they partici-
pated in. Lastly, we observed a moderate correlation between specific in-game and physiolog-
ical behaviour features.

Building uponChapter 3 and 4’s findings, we presented two applications that aim to pro-
vide personalised crisis management training sessions. These two chapters address the second
research question: How can we employ models of player affective states to provide personalised
applied game experiences? More specifically, Chapter 5 discussed a one-on-one crisis manage-
ment training dashboard, which enables remote, personalised crisis management training ses-
sions through a dynamicMayor’s Game engine. Through the dashboard, trainers are capable
of monitoring trainees’ physiological and in-game signals during actual game play, while they
may also adapt the pace and information complexity of the currently played scenario in order
to steer the trainee’s stress towards a desired level. Chapter 2 presented a concept tablet appli-
cation, which aims at automating the above described procedure; in this concept, the game is
transferred to a tablet device and the real-time adaptation of the crisis management scenario
is based on models such as the ones presented in Chapters 3 and 4. Ultimately, trainers will
not be required to steer the training scenario in real-time but instead, it will be automatically
tailored to the individual trainee through the model’s output during game play.

In Chapter 6, we collected physiological and in-game measurements from multi-player
online competitive game sessions. Our main hypothesis was that albeit an entertainment-
oriented game such as League of Legends, the competitive setting in which it was played
should have observable impact on player play style and physiology. Despite the limited anal-
ysis that was conducted on that particular dataset, we concluded that affective player models
may be implemented using physiological and in-gamemeasurements in order tomodel player
stress responses and study how those may affect in-game performance. However, the data re-
quires extensive pre-processing in order to avoid movement-related artefacts and baseline sig-
nals should be extracted prior to the model implementation. Chapter 6 is a first step towards
answering the third research question: How can we model player affective states in entertain-
ment games?. A more thorough answer is given through the last two chapters of this thesis,
which are discussed below.
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InChapters 7 and 8, we employed facial expression analysis as themainmodality through
which affective player models were implemented. Specifically, in Chapter 7, we explored
whether the in-game difficulty of arcade games can be correlated to players’ emotions (as ex-
pressed through their face) during game play. Indeed, not only was it shown that different
in-game difficulty settings elicited different facial expressions of emotion from players, but
also players’ emotions could be monitored in real-time to perform on-the-fly game personal-
isation. During the experiments conducted, players showed a significant preference towards
the personalised version of a game (which adapted to their emotions in real-time) versus a
static, baseline version of the same game. That being said, Chapter 7 also contributes towards
answering the last research question: How can we employ models of player affective states to
provide personalised entertainment game experiences? We propose facial expression analysis as
an efficient, unobtrusive and non-invasive modality towards entertainment game personalisa-
tion in order to maximise player engagement.

The last chapter of this thesis also aimed to address the third research question. Chapter
8 was inspired by the stress-related studies in this thesis (Chapters 2 to 5), since player ten-
sion was the affective state that was modelled. We considered player tension an affective state
that is closely related to stress. However in this case, rather than player physiology, player fa-
cial expression analysis was the modality that we employed towards player affect modelling.
Moreover, wile still extracting emotion measurements directly (as we did in Chapter 7), we
used third-party tension annotations which we aimed to predict through a model trained on
player facial expression data. While our model’s predictive accuracy was relatively low, we
observed that in a multi-player digital card game, there are indications of emotion transfer
through a shared observable context, such as the game board. In particular, our prediction ac-
curacy noticeably increased when we used the opponent player’s facial expression features as
input for predicting tension for the player in perspective. These results form a robust baseline
for further research in the domain of player affect modelling in a competitive, “in the wild”
environment

Thefindings presented in this thesis contribute to the domains of affective computing and
game research. Regarding affective computing, we presented non-invasive and unobtrusive
methods of modelling player affect during game play. Our methods vary from correlation
analysis to deep learning and cover a variety of modalities such as player facial expressions,
physiological responses and in-game actions. While these methods are widely known across
affective computing, their application during actual game play is brings novelty into this work.
By assessing players’ affective signals and translating those into real-time game adaptations,
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game designers are be able to provide unique experiences to the players. In the case of applied
games, the goal of an adaptive version of a game is to tailor the game to the player’s perfor-
mance with respect to the game’s learning goals. In the case of entertainment games, the goal
is to simply keep players immersed and engaged with the game for as long as possible.

As future work, we primarily look forward to implementing the concept described in
Chapter 2. Our studies have shown that player stress modelling is possible though both wear-
able physiological sensors and in-game logs, while the architecture described in Chapter 5 can
easily be leveraged in this context. However, a large number of training sessions need tobe run,
analysed and annotated by crisis management experts, to ensure that the proposed in-game
adaptations serve the learning goals of crisis management training. Regarding entertainment
games, we are particularly interested in the domain of Esports, where modelling player affect
has significant value; being able to detect moments where players’ affective state hinders their
in-game performance may lead to a more effective, personalised training scheme, which may
ultimately lead to competitive success.
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This thesis revolves around the following problem statement: How can we model player
affective states through video games? While this topic is rather broad and cannot be investigated
exhaustively within the scope of a thesis, we present different angles and contexts through
which we attempt to provide an answer.

We divide this thesis in two parts; the first part incorporates Chapters 2 to 5, and discusses
affective player models through applied games. The research questions the first part aims to
answer are: “How can we model player affective states in applied games?” and “How can we
employ models of player affective states to provide personalised applied game experiences?”. To
these ends, we implement predictive models of player stress levels based on physiological, in-
game and self reportmeasurements, during crisismanagement training games. Based on these
models, we propose methods and interfaces through which, personalised crisis management
training scenarios can be delivered.

The second part of this thesis, consists of Chapters 6 to 8 and discusses entertainment
games. In particular, it addresses the following research questions: “How can we model player
affective states in entertainment games?” and “How can we employ models of player affective
states to provide personalised entertainment game experiences?”. In order to answer these ques-
tions, we apply multi-modal player modelling techniques, similarly to the first part of the
thesis. However, the affective states considered vary; next to player stress, we build models of
player engagement and tension. Moreover, beside physiological signal analysis we also employ
keyboard andmouse stroke as well as facial expression analysis as the main sources of affective
player input. Based on players’ facial expressions, we propose personalisationmethods for the
game Infinite Mario Bros, a procedurally generated version of the classical Super Mario
arcade platform game. Below, we will provide a brief summary of each of this thesis’ chapters.

Chapter 2 introduces the first part of this thesis, focusing on personalised crisis manage-
ment training through applied games. It proposes methods for collecting, processing and
modelling player physiological, in-game and self-report data in order to model player stress
through a dilemma-based crisis management game. Furthermore, it discusses methods in
whichmulti-modal playermodels can be employed in order to personalise gamified crisisman-
agement training sessions, namely through (a) real-time game adaptation and (b) personalised
post-training feedback. Even though this chapter does not incorporate a user study to validate
the proposed system, it sets the conceptual and methodological foundations which the next
chapters will expand on.

InChapter 3 we present the first user study regarding player stress modelling during crisis
management games. Specifically, we run an experiment using the Mayor’s Game, a dilemma-
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based applied game which enables the simulation of a (text-based) crisis. To heighten player
stress levels, we induce time pressure through in-game and external mechanisms. At the
same time, wemonitor player in-game and physiological behaviour through wearable sensors,
player-game interactions and post-game self-reports. Our goal is to model player stress re-
sponses, by building a multi-modal affective model which aims to predict whether players are
playing the control (no time pressure) or the experimental (time pressure) version of the game.
Our findings show that a Random Forest (RF) classifier is capable of predicting the game ver-
sionplayedwith an accuracy up to 84.5%whenusing a game-only feature set. Amodel trained
through a combination of wearable sensor and in-game features reaches an accuracy of 75%.
Finally, after temporally segmenting the dataset we are able to predict future values in players’
physiological signals with relatively high accuracy, by analysing their physiological behaviour
during the early stages of the game.

Chapter 4 follows the same line of research as Chapter 3, however instead of time pres-
sure, it employs information complexity as the artificial stressor. Nevertheless, the user study
that was conducted incorporates a crisis management scenario provided through theMayor’s
Game. In similar fashion to Chapter 3, our findings illustrate that the impact of an artifi-
cial stressor is mostly detectable through players’ in-game rather than physiological behaviour.
In particular, we saw that under a moderate information complexity setting, participants
processed 100% of the information that was provided to them, in contrast to low and high
information complexity settings where participants consulted less information on average.
Furthermore, moderate information complexity causes a noticeable increase in players’ skin
conductance-related measurements, indicating a stronger effect of that particular experimen-
tal condition on participants’ stress responses.

As the final chapter of the first part of this thesis, Chapter 5 expands on the findings of
Chapters 3 and 4 and presents a dashboard, namely “Andromeda”, that enables real-time
monitoring and personalisation of crisis management training scenarios. The proposed archi-
tecture is based on a dynamic version of theMayor’s Game, which enables online adaptation
of a scenario’s in-game features such as dilemma texts, amount of information presented and
time settings. The dashboard is aimed towards fully remote one-on-one (trainer-on-trainee)
crisis management training sessions. Through the dashboard, trainers can monitor trainees’
physiological signals and in-game actions, while at the same time adapting the scenarios’ time
pressure (game pace) and information complexity settings. The Andromeda dashboard can
be employed in a longitudinal future study revolving around crisis management training per-
sonalisation through applied games.
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In Chapter 6, we shift this thesis’ main focal point from applied games to entertainment
games. In this Chapter in particular, we discuss player stress response analysis in a compet-
itive Multiplayer Online Battle Arena (MOBA) game, namely League of Legends. In more
detail, Chapter 6 presents a dataset consisting of several sessions of high-stakes competitive
gameplay, incorporating player mouse and keyboard action monitoring, as well as (limited)
physiological sensor data. Our analysis mainly focuses on keyboard and mouse interactions,
due to the fact that the wearable physiological sensors used were considered disruptive by the
players. We define “stressful” moments through the provided in-game data by detecting in-
game kills, deaths and assists (KDA).Our assumption is that during such events, the expected
player stress responses may be visible in their gameplay (mouse and keyboard) patterns. We
encode these patterns in a set of features through which build a model that aims to detect
KDA moments. Our preliminary results show fairly low predictive accuracy, however, we
were able to detect significant correlation between specific mouse and keyboard-related fea-
tures and KDAmoments.

Chapter 7 discusses entertainment game personalisation through player facial expression
analysis. We consider facial expressions as an unobtrusive, non-invasive modality, which can
be captured through a computer’s built-in webcam. Based on the captured facial expressions
of the players, our aim is to perform dynamic difficulty adaptation during gameplay, in order
to generate personalised game experiences. To achieve that, we first study the correlation be-
tween in-game difficulty and player facial expressions. A first experiment shows that indeed,
an affective model built on players’ facial expression data is capable of predicting the current
difficulty setting of the game Pacman with an accuracy of 72%. Based on this finding, we pro-
ceed to implement a personalisation algorithm for the game Infinite Mario Bros through a
facial expression-based affective player model. In particular, we monitor players’ facial expres-
sions during gameplay while at the same time asking for their feedback regarding in-game dif-
ficulty through a 1 (too easy) to 5 (too hard) likert scale. Based on players’ feedback and facial
expressions, we implement amodel that aims to adapt in-gamedifficulty in real-time towards a
likert score of 3 (optimal difficulty setting), presumably maximising player engagement. The
personalised version of the game was tested versus three static versions (easy, moderate and
hard), and results showed that the majority of players ranked the personalised version as the
most challenging and most immersive one.

Lastly, Chapter 8 discusses models of player affect, based on “in the wild”, multiplayer
facial expression analysis. In more detail, during a live tournament of the game Hearthstone,
we collect a large dataset of gameplay and facial expression recordings in a competitive, high
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stakes “in the wild” setting. The video footage was processed by two expert players who gen-
erated manual annotations of tension for each game played. At the same time, we use a facial
expression analysis toolkit to extract per-frame estimations of players’ facial action unit inten-
sity values. By treating the facial expression data and tension annotations in a temporal fash-
ion, we build affective models which aim towards predicting changes in tension by analysing
changes in single- or multiplayer facial expressions. Our results show that through examining
both opponent players’ facial expressions, we can predict changes in one player’s tension an-
notations withmoderate accuracy. Our best performingmodel reached an accuracy of 68% at
the best fold. Despite the challenges posed by the nature of this particular dataset, this study
sets a solid benchmark for future studies regarding multi-player facial expression analysis in
competitive games.
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Figure 10.1: The self assessment mannekin (Bradley & Lang, 1994).
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