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Gameplay Experience is affected by several attributes of games. Amongst them, two

have been chosen here to look into further: Technological novelty and Framing. The work

presented shows a development process for a digital game directly using eye movements

for adaptation (next to conventional adaptation) and an extensive user study where the

game has been presented in two different ways to players. Results of the study indicate

that performance is more affected by eye movement based adaptation, that framing and

adaptation have an influence on gameplay experience (at least in some settings) and

that framing shapes expertise as measured by eye movements in conventionally adapted

games. These are put in perspective and discussed thoroughly with an outlook on the

future of research in eye movement based adaptation.
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Chapter 1

Aspects of Games, Technology

and Adaptation

Playing games is one of the most loved recreational activities. When games became

digital, new qualities emerged. It has been made possible to play with other players

you never had and never will have physical contact with, but it is also possible to have

social play only with artificial agents instead of human players. New technologies and

new ways of playing emerged as well. Technology makes potentially costly or otherwise

physically annoying games (like Tetris) enjoyable, fun or even possible1.

With the first screen was attached to a computing machine, digital games like Space-

war!, Adventure and, finally, Pong were also introduced [cf. Lowood, 2009]. Since

then, they have been a popular recreational activity. When playing digital games players

not only interact with the particular hardware, they also interact with a game and the

way it has been presented before it is actually played. This presentation often includes a

storyline, a demonstration of the look and feel, an introduction to the character design,

a certain style of advertisement and expected focus groups, but technologies to enhance

the gameplay are also included. The latter can consist of, e.g., graphic design, construc-

tion of the artificial intelligence or novel techniques for adaptation. All these parameters

add to the expectations a potential player has of a game, how to interact with it and

the overall gameplay experience. As well as this gameplay experience, it is of interest

to the work presented here to investigate if and how a player’s performance is altered

and how their eye movements differ when they are told that a game uses eye movement

based adaption compared to actually playing a game using this technology.

1see for example http://notsonoisy.com/tetris/index.html where Tetris amongst other games
has been implemented physically. However, real time performances can only be simulated by this point.

1

http://notsonoisy.com/tetris/index.html
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There are two different types of approaches for games to calculate their next steps as

agents: They could be optimising, which means, aiming for the best possible outcome,

or satisficing, which means, they try to take the best option available to them until a

satisfactory outcome, one that is ’good enough,’ can be achieved. This procedure is more

closely related to what humans do, whereas the act of optimising can be seen as mechanic

and artificial [see also Simon, 1956]. Satisficing game agents – as opposed to optimising

game agents – have been described as desirable by Stirling and Goodrich [1999] amongst

others. A game agent can be as simple as the random number generator in combination

with the time constraints used in Tetris [see Fahey, 2012]. This algorithm, in and of

itself, is neither optimising nor satisficing. Satisficing implementations that are adaptive

to their players [see for example Poloni, 2012, trying to create the worst possible game

for a player] do exist, however.

In order to adapt well to an individual player and hence create the best gameplay

experience for that player, it is desirable to collect as much information as possible and

reasonable about them, extract the important data and adapt accordingly. General,

individual and situational aspects of playing a game have to be considered in order to

make well-done adaption within a game possible [see also Bertel, 2014]. Additionally

to the way players execute commands and interact with the game directly, indirect

information about their emotional state, well-being and strategic considerations can

potentially be acquired by recording psychophysical data such as eye movement tracking.

Accordingly, previous efforts have been undertaken to create games that adapt to a

player’s eye movements [see Wetzel et al., 2014].

Framing on the other hands refers to how games are presented. For example, in research

discussions, some publications focus on harms of games [e.g. Griffiths, 1999] whereas

others try to illuminate their usefulness [e.g. Prensky, 2005]. Both approaches create

different emotions and feelings towards games in the respective research communities

and certain media outlets. The same accounts for games themselves. Certain styles of

presentation of the games target certain player groups; when the advertising is changed,

this might open up the same game for different player groups while it has not been funda-

mentally changed. Framing refers to any type of conscious or subconscious presentation

of an object.

This thesis investigates the question of how the suggestion – or framing – of adaptiv-

ity through eye movement derived data shapes the player’s gameplay as well as their

experience and how this relates to actually employing eye movement based adaption

mechanisms within a game. The game of reference used in this context is Tetris. To
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answer the question posed, two adaptive versions of Tetris were developed: one us-

ing only an analysis of the player’s current performance and one additionally using eye

movement data.

This thesis contributes to the research community in several aspects by touching several

areas of interest. The most important of these are:

• Investigation into placebo effects of the suggestion of technological advance

• An example for the mainly data driven development of a game using eye movement

based adaption

• A thorough discussion of results of an extensive user study of systems with and

without eye movement based adaption

Methodologically, a user study investigating a framing effect on the gameplay experience

is the core point of a mainly quantitative analysis. This study is done in a mixed

method setup within and inbetween test participants. The data-driven and quantitative

approach for the development of the prototypes presents a generalisable approach for

how eye movement based or psychophysical adaption in general can be employed in

games and integrated into game design.

After an overview of the current stage of research (Chapter 2) and the main goals of

the work presented here in Chapter 3, the various implementations of Tetris used

throughout this work are shown in Chapter 4. The design of the main user study is

discussed according to results of a pre-test and a pilot study of Tetris in Chapter 5.

Then the results of the study are shown (Chapter 6) and discussed in Chapter 7. Finally,

all findings are reviewed in relation to current research, together with a deeper look into

the process of adapting games to psychophysical data and other options of real-world

application of the findings (Chapter 8).



Chapter 2

On the Shoulders of Giants –

Foundations of this Work

The question of framing user experience in games with eye movement based adaptation

touches several issues that have already been addressed in various other areas. This

chapter aims to give an overview of the existing work on these different issues and how

they have been discussed individually.

Games in general and how they are played has been a topic in several different fields

(Section 2.1). Detection of expertise in games in Section 2.1.1 is of special interest

here. Expertise will be discussed for general skill acquisition (Section 2.1.1.1) and with

a special focus on Tetris in Section 2.1.1.2. There is also a vibrant discussion on how

user experience in games can be measured (Section 2.1.2). After a thorough investigation

aiming to reveal the terms of presence, involvement, flow and immersion, focus is given

to questionnaires used in previous studies in Section 2.1.2.2.

A short overview of eye tracking in general and interpretation of eye movements relevant

to this work is presented in Section 2.2. When discussing the process of adapting software

(Section 2.3), the difference between adaptivity and adaptability is the main concern.

Finally, framing is discussed in Section 2.4. Different types of research into framing as

well as ethical issues attached are of core interest. Section 2.5 brings all these topics,

questions and insights together again rephrasing questions of framing of user experience

of games with eye movement based adaptation.

4
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2.1 Playing Games

”Noone can expect, that everyone uses the same identical term of play as

a single word in the same way, just like every language has a word for

hand or foot. Here, it’s not that easy.”[p.34 Huizinga, 1956]

When we try to talk about games we find ourselves in the curious situation of everyone

knowing what is meant but not necessarily sharing the same definition. Games have

fascinated cultural scientists for years regarding their social functions and the reasons for

the seemingly unreasonable action of games (e.g. Caillois and Halperin [1955], Caillois

[2001], Buytendijk [1976], Pias [2002], Deterding [2008]). Recently, gamification has

been discussed as a way to make everyday experiences more enjoyable (e.g. McGonigal

[2011], Deterding et al. [2011] or with a more critical perspective Bogost [2011]). When

we talk about games in a scientific reference frame, the definitions of what we mean

have to be even more precise, especially when they are so fluid in everyday use. Juul

[2011] [cited in Koster, 2013] tries to do so by giving a very generic definition of games:

”A game is a rule-based formal system with a variable and a quantifiable outcome,

where different outcomes are assigned different values, the player exerts effort in order

to influence the outcome, the player feels attached to the outcome and the consequences

of the activity are optional and negotiable.” However, this statement could be used to

describe many things sharing the same attributes. For instance, it applies to research

by substituting the word ’player’ with ’scientist’.

In this thesis, there is a focus on a specific type of game: digital games and more con-

cisely: digital games without a narrative. This means, that the main goal of interaction

is recreational without a clear secondary goal. The game also does not have a narrative

storyline. While whether a narrative game has to have a storyline has been debated (cf.

Aarseth [2012]), we discard the personal storyline a user creates while interacting with

the game in this definition.

2.1.1 Expertise

Since Tetris is fairly well known and has attracted different players at different levels, a

wide range of expertise can be expected among the test participants. However, Tetris

also exists since 1985, so there are expert players who have not played the game for quite

a while.
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2.1.1.1 Acquiring a Skill

According to Fitts and Posner [1967, cited in Anderson [2000]] there are three stages of

skill acquisition.

1. a cognitive stage in which a declarative encoding for the task is created (often by

repeated rehearsals).

2. an associative stage in which a learner develops a deeper understanding of the task

leading to a more successful performance via iterations.

3. an autonomous stage in which the task is solved in a more automated way usually

including faster performance.

The three stages have different durations for a given individual, but according to An-

derson [2000], skill development over time can be expressed as a logarithmic function.

It takes less time to get from a beginner to a novice level, however, to reach an expert

level in a task, much more time is required (see Figure 2.1).

Figure 2.1: Development of expertise over time during initial skill acquisition (red)
and reacquisition of a skill (blue) adapted from Anderson [2000]

Kolers [1976, cited in Anderson [2000]] showed how test participants acquired the skill

of reading an inverted text without prior knowledge and then again a year later. They

were able to establish that a previously acquired and then dormant skill can be retrained

significantly faster than the initial learning process.
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Tetris players are likely to have previously achieved some expertise level. In order

to reach that again, they will need to retrain their skills to reacquire this former level

(see Section 5.2.3 for a discussion of the solution for this problem that was used in this

context).

2.1.1.2 Tetris Experts

Expertise in Tetris has been discussed, with the game used as an example for more

general ramifications. Kirsh and Maglio [1994] distinguished epistemic from pragmatic

actions. While pragmatic actions are goal oriented, epistemic actions are performed in

order to gain more information about an environment. In the case of Tetris epistemic

actions can be seen for example when a player orients their piece, before dropping it,

by translating it to an edge and back or rotating the piece more than would be required

in order to bring it to a desired position. It has also been claimed by Maglio and Kirsh

[1996] that the use of epistemic actions increases for more experienced players.

However, Destefano et al. [2011] conducted tests that showed the opposite for a seemingly

wider range of expertise. It might be likely that the use of epistemic action rises during

skill acquisition and then declines again as schematically shown in Figure 2.2. They also

pointed out that especially in Tetris the classification of epistemic action compared

to e.g., switching ones goal can be arbitrary. Epistemic actions, while an interesting

concept, are not helpful in establishing a player’s expertise level.

Figure 2.2: Use of epistemic actions according to level of expertise
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Another study by Lindstedt and Gray [2013], investigating the relationship of the Tetris

game state and expertise, was not conclusive. While analysing game state helps artificial

intelligence agents playing the game (e.g., Böhm et al. [2005] or Flom and Robinson

[2005]), it appears to be less helpful when trying to determine a player’s expertise.

Jermann et al. [2010] took a different approach: looking at the eye movements of experts

and novices playing Tetris in a collaborative setup. They found out that the ratio

of fixations on the current piece to fixations on the contour of the active game (see

Figure 2.3) is significantly higher for novices than experts (see for a general discussion

of eye movements Section 2.2).

Figure 2.3: Areas of interest for a player of Tetris

It has furthermore been established that playing Tetris does support spatial expertise,

but only for those objects that are integrated in the game [Sims and Mayer, 2002]. From

this, it can be concluded that expertise in Tetris does not generalize and is, hence, a

type of very specialised skill or ”extreme expertise” [cf. Lindstedt and Gray, 2013].
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2.1.2 User Experience in Games

Within this work, the experiences a player has during a game have to be quantified,

although ”[q]uantifying game play is one of the most challenging research endeavors to

attempt” [Appelman, 2007, p.815]. Luckily, within a game of Tetris, the general task

of logging the game state and analysing is fairly trivial (cf. Section 4.1.2). This helps

in assessing the objective measures of the experience of playing games. However, since

the experience is largely subjective, self-reported data is essential.

Unfortunately, a player’s experiences during game play lack one distinctly used descrip-

tive term. Current research uses User Experience (e.g., Korhonen et al. [2009] and

Nacke et al. [2010]), Game Experience1 (e.g., Poels et al. [2007]), Player Experience

(e.g., Isbister and Schaffer [2008] and Nacke et al. [2009b]); occasionally also by the

same researchers. In this work, the term User Experience of a Game is used in order to

refer to the experiences of the user interacting within a game. Abstracting the player

to a general user might be difficult in other contexts, but the approach presented here

and the results of the study are supposed to be generalisable to other user experiences

as well.

2.1.2.1 Presence, Involvement, Flow, Immersion

When trying to define user experience in games, a lot of terms are used as reference.

The term user experience ”[...] can be seen as an umbrella term used to stimulate

research in HCI to focus on aspects which are beyond usability and its task-oriented

instrumental values” [Hassenzahl, 2005, cited in Bernhaupt [2010]]. Other terms used

to describe the specific experience of playing a game are not necessarily clearly defined

and distinguished. There have been several attempts to fix this issue within the research

community. For example, Brown and Cairns [2004] try to put the term immersion into

perspective with other terms used. They establish three stages of immersion: engage-

ment, engrossment and total immersion, which, according to them, can be interpreted

as the experience that is referred to as presence in other works.

Furthermore, immersion has been established as a ”fundamental component [...] of

the gameplay experience” [Ermi and Mäyrä, 2005]. Ermi and Mäyrä’s Gameplay Ex-

perience Model establishes three aspects that are important to children playing games:

audiovisual quality and style, the level of challenge and the imaginary world and fan-

tasy. However, the audiovisual quality and style seem to be less important, since ”[...]

children thought that the emotional immersion and involvement in fiction was typically

1This is an especially difficult term, since it can refer to the experience a player has while playing or
the playing experience (= expertise) a player has.
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stronger for them while reading a good book or while watching a movie” (p.6) putting a

heavy focus on the narrative quality of games. This does not generalise well to strongly

or purely ludic games (see for a distinction amongst others Aarseth [2012]). However,

this critique can be applied to many other attempts to describe the experience (e.g. to

Calvillo-Gámez et al. [2010]).

Especially when the focus is on presence, this seems to be the case. One example can

be found in Takatalo et al. [2006] who requires not only perceptual realness but also a

spatially complex enough environment to create spatial awareness for a player. Further-

more, social richness and realism appear to be aspects of presence and involvement in

digital games. However, this experience might occur in more abstract games like Tetris

as well, but is not covered by their theory.

Another term that is often used to describe a specific state during playing is the concept

of flow as developed by Csikszentmihalyi [1991]. However, the concept only covers single

moments that occur during gameplay [another one being e.g. frustration, see Gilleade

and Dix, 2004] making it only of limited use as a single component of analysis for game

experience research [cf. IJsselsteijn et al., 2007].

All in all, the terms immersion, flow in games and presence are used interchangeably

and without clear distinctions. In this thesis, user experience in games is seen as an

experience that can be measured only partly. Since it’s a subjective experience, self-

reported measures are required. These rely on language. Even though, language as a

medium does not always cover all the aspects of any experience 2, it’s a valid measure

as the experiences as such are subjective as well.

2.1.2.2 Questionnaires

While flow can also be seen in psychophysical measures (cf. Peifer [2012]) and can

even be established by analysis of a players eye movements (cf. Jennett et al. [2008]),

questionnaires are still the most reliable tool that a researcher has – with all the issues

of self-reported measures (see also for a discussion of skill assessment Section 6.3).

Several questionnaires have been developed in order to assess different aspects of the

experience of playing games. Most of them only assess a singular aspect or are only

applicable to a certain type of game. All of them, however, share assumptions about

games. These assumptions are discussed together with the most popular questionnaires

used to assess game experiences.

2see for example in film theory the reference to somatic experience, cf. Pantenburg and Schlüter
[2014]
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The most widely used questionnaire to assess flow, especially in a more physical context,

is the Flow State Scale developed in Jackson et al. [1996] and further improved in

Jackson and Eklund [2002]. According to Nacke and Lindley [2008] this is the most

widely used questionnaire to assess flow in games. Although Kivikangas et al. [2006]

showed that the questionnaire is generally usable for game related research, it has been

designed with a focus on measuring optimal experiences in physical activities. While

there do exist digital games with physical aspects (e.g., within the Wii Sports series),

the questionnaire should be used with care.

Witmer and Singer [1998] presented a presence questionnaire in order to assess the feeling

of being within a virtual environment. Methodologically, the questionnaire has encoun-

tered harsh critique by Slater [1999]. However, there are also conceptual problems, that

make it difficult to use for game research. First, the questionnaire assumes that there is

an actual environment, but not every game has a world to speak of. Especially puzzle

like games (also like Tetris) do not rely on graphical prowess. Second, as with the

concept of flow, presence is only one possible aspect that can occur while playing digital

games. Hence, the use of the questionnaire is limited to only these aspects. However, one

very valuable contribution has been their Immersion Tendency Questionnaire which can

be used as a normaliser for other measures of immersion. It calculates a value for how

immersible a person is in general and puts their immersive experience in perspective.

Another example with a focus on virtual environments has been presented by Takatalo

[2002]. While it has not been widely used, it accounts for both flow and presence

as experiences in virtual environments. However, the ludic aspects of a specific game

experience are not part of this questionnaire in order to make it suitable for a wider

approach of digital experiences. This leads to the same problems for game research as

both single focus questionnaires above, since an environment is expected, within the

assessment of presence and, when assessing flow experiences which only might occur

during part of the game are covered.

Vorderer et al. [2004] developed a questionnaire that focuses on presence grounded in a

theory of Spatial Presence. It is a generic questionnaire for all possible media experiences

ranging from passive consumption like books to active participation like digital games.

Parts of it might be more suitable to game research than the other questionnaires – at

least for certain games. The questionnaire consists of seven parts, each of them signifying

one value on a 4-item, 6-item or 8-item scale. The categories of attention allocation

and higher cognitive involvement are especially suitable for any game, whereas domain

specific interest and suspension of disbelief are tied to narrative games only. The other

categories (spatial situation model, spatial presence and visual spatial imagery) expect

games that have an environment. Helpfully, the questionnaire is not only available in
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English, but has been professionally translated into German, Portuguese and Finnish.

However, since Tetris is neither a narrative game nor provides the player with an

immersive environment, the questionnaire has been deemed too limited for the current

research.

A 19-item questionnaire with a focus on absorption, flow, presence and immersion in

video games has been offered by Brockmyer et al. [2009]. However, different aspects are

given differing importance. For example, there exists only one question that the authors

attribute to immersion while several questions ask about the temporal perception during

play. Additionally, the questionnaire was created with having a focus on violent semi-

realistic video games and their effects on younger players. While the questions might be

suitable for Tetris at least in a general way, at least one item (’The game feels real’)

would have to be removed because the question does not make any sense to be asked in

a purely ludic game with only an abstract environment. Also, the questionnaire is not

available in shorter versions that would make it possible to ask questions for episodes of

play.

A single parameter or term to describe user experience in games does not fully cover

the whole spectrum of experiences that occur while playing games (cf. Nacke et al.

[2009b] or Poels et al. [2007]). Questionnaires that only focus on flow or presence as

a singular experience are limited in their use for this research, since flow is not a long

term experience and presence is related to semi-realistic graphics or descriptions (see

for a discussion of this issue in text based games Spiel [Chapter 2, 2012]) that represent

an explorable world. Multi-parametric measures are more fruitful than those focusing

on a single aspect of the experience. Nacke et al. [2009a] combines the concepts of

immersion, presence and flow and influenced IJsselsteijn et al. [2013]’s Game Experience

Questionnaire (GEQ).

The GEQ consists of a set of modules: the core module, the in-game module, the social

presence module and the post-game module. The core module (33 items) and the in-

game module (14 items) are closely related; the latter being a shortened version of the

first in order to ask for experiences between episodes of play. Both of them evaluate seven

components, albeit with a different number of items. These components are competence,

sensory and imaginative immersion, flow, tension/annoyance, challenge, negative affect

and positive affect. With flow describing the relationship between the challenge that is

being offered to a person compared to their abilities and challenge being again its own

category, some categories might have a slight overlap. This might be negligible seeing as

the GEQ as a whole tries to cover multiple aspects of the experience of playing digital

games. The social presence module (17 items) is only relevant to games with a social

aspect, be it multiplayer or interaction with non-player characters (NPCs). Since both
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are not the case in Tetris, it is not of interest for this research. The post-game module

(17 items) then asks for how the player felt after the game but also about playing from

a hindsight perspective. It can be used to get more data about the experiences after

a player had time to reflect them more. The components of this module are positive

experience, negative experience, tiredness and returning to reality.

Next to the already mentioned issue of overlapping components, the GEQ also has

assumptions about a game. The GEQ expects a game to have a narrative structure

(item 1 on the in-game module and item 3 in the core module: ”I was interested in the

game’s story”) and – to a somewhat lesser but still palpable extent – to have a graphical

interface. The items tend to fit better when the game consists of an explorable world.

These are issues when using the questionnaire for Tetris. So while this is the best option

for a self-reported experience measure, slight modifications are necessary to make it work

with Tetris (see for a description of these modifications Section 5.2.2).

2.2 Tracking Eyes

Where people look and how they move their eyes has been of interest to researchers for

about 300 years starting with Porterfield and Wells in the middle of the 18th century

[Wade, 2000]. Since then it has been established that there are two basic types of eye

movements: fixations, which happen when the eye is relatively still and focused on a

location, and saccades, which are swift switches between fixations. While fixations last

between 200-300 ms [Holmqvist et al., 2011, p.23] (although ranges of 150-600ms seem

to be reported as well [Duchowski, 2003, p.47]) saccades are very short ranging from

30-80ms [Holmqvist et al., 2011, p.23]. When there is moving target followed at semi-

constant speed, this is called smooth pursuit. During Tetris there is no smooth pursuit,

since the pieces move in a step-wise fashion.

Fixations are of special interest to researchers looking into eye movements, because they

tell us about where a person’s attention is – at least to some degree. Dispersion of visual

and attentional focus only rarely occurs [see for a more detailed discussion Bertel, 2010,

Chapter 4].

There also has been interest in how to measure these eye movements ranging from

simple observation over electroocculography scleral search coils3 to the state-of-the-art

eye tracking method today: video-occulography [see for a more complete and detailed

history of eye movement research Wade and Tatler, 2005]. With this method a remote

3According to Bertel [2010], Chapter 5, still the frame of reference in terms of precision in eye
movement recording, albeit a bit cruel to test participants, since a wire is physically attached to their
eyes.
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or head-mounted eye tracker records the movement of the eyes with a high frequency

camera. For detection of every tremor of the eye, this frequency should be at least 250

Hz, although different eye trackers for different research purposes and use cases have

frequencies ranging from 25-2000Hz [Holmqvist et al., 2011, p.30]. In order to account

for head movements, the Purkinje reflection of an emitted infrared light next to the

camera is commonly used. When this reflection can be detected, its local relationship in

comparison to the pupil can be used to account for small head movements. While most

eye tracking is done with a single eye – often the dominant eye [cf. Chaurasia and Mathur,

1976] – bioccular eye tracking is also common and used within this research whenever

the Purkinje reflection was not clear enough for the eye tracker. For a more complete

discussion of eye movements and eye tracking in general, please confer Duchowski [2003]

and/or Holmqvist et al. [2011].

Eye Move-
ment

Description Analysis Interpretation Source

Fixation relatively sta-
ble focus (150-
600ms)

number of fix-
ations

experts have over-
all less fixations

Megaw and
Richardson
[1979]

Focus Area point of inter-
est on fixation

closely in-
spected areas

experts have more
relevant fixations

Singer et al.
[1996]

Transition change of
point of inter-
est

number of
changes occur-
ring

the more changes,
the more uncer-
tain a user

Goldberg and
Kotval [1999]

Saccade quick change
of focus (30-
80ms)

saccadic am-
plitude

larger amplitude
indicates better
understanding

Goldberg et al.
[2002]

Scanpath direction of the
change of focus
over time

direction of
saccade (hor-
izontal vs.
vertical)

experts show
more horizontal
eye movements in
Tetris

Underwood
[2005]

Table 2.1: Interpretation of Eye Movements as Relevant for Adapting Tetris and
the Analysis of the User Study (see also Chapter 4 and Chapter 6)

Within this work, analysis of fixations, focus areas, transitions, saccades and scanpaths

(see Table 2.1) are of special interest, because they are either used for adaptation of

Tetris or for the analysis of the user study. For an overview of how certain eye move-

ments and their derivatives might be interpreted is given by Poole and Ball [2006] and

– more extensively – in Holmqvist et al. [2011].

Eye movements in computer science have been commonly used as a usability measure

(exemplary, Cowen et al. [2002] or Goldberg and Wichansky [2003]) or input device, if
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there are no other input options available (exemplary, Huckauf and Urbina [2008] or

Glücker et al. [2014])

2.3 Adapting Software

When research speaks of adapting software, this usually refers to the concept of adap-

tivity of a system in contrast to the adaptability of a system as described by Oppermann

and Rasher [1997]. Adaptivity and adaptability are – according to them – two ends of a

scale of user involvement in individualizing an interactive system. An adaptive system or

the adaptive parts of the system are not user controlled whereas an adaptable system or

adaptable parts of a system lie under the full control of a user. Examples for adaptable

parameters are e.g. the change of a background colour or – specifically in games – the

choice of an avatar and/or its appearance.

For games, this distinction holds for some types of adaptivity. All methods described

by Charles et al. [2005] can be analysed with this frame. Adaption to the game envi-

ronment or state happens via system initiated models. While the player is the source of

the adaptive calculations, they do not control them. In the terms provided by Opper-

mann and Rasher [1997], this is a highly adaptive system, since the player can derive

information about the adaption process via the game state. Adaption to non-player

characters can be either fully adaptive (as a reaction to player performance) or fully

adaptable (via player-set settings such as easy, medium or hard). Adaption to a player’s

character, however, falls outside of this scheme. A first reason is, that adapting to a

player’s character can influence that player’s behaviour and hence their character and

then again the adaption process. This results in a loop of mutual influence. A second

reason is that players can possibly influence the way a system perceives their character

by deciding upfront which kind of character they want to exhibit as soon as they know

the game adapts to that. This is not a direct influence and players are not directly

informed about the system changes. Hence, the scale of adaptability vs. adaptivity is

insufficient to describe what happens in this case.

Adapting on psychophysical data falls into a even more difficult category. But not

every psychophysical measurement is the same. While it is e.g. hard, but possible to

control one’s heart rate [cf. Hirsch et al., 1981], skin conductance cannot be influenced

consciously. Eye movements are again special in this regard. Most eye movements are

not consciously controlled, but rather directed by attention. However, viewing strategies

exist and can be used. In competitive games, players sometimes try to hide where they

are focusing on in order to not tell their opponent too much about their own strategies

and, hence, try to use their eye movements most efficiently [Reingold et al., 2001]. As
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well as such an obvious attempt at control, viewing strategies exist also for areas such as

art [Zangemeister et al., 1995]. Adapting a game like Tetris to eye movements follows

the adaption to player character more than any other adaption, but still has its own

momentum by being only partly controllable by the player.

In order to describe the adaptivity of eye movements productively and having the nomen-

clature of Oppermann and Rasher [1997] in mind, a new term and possibly also a new

dimension have to be added to the concept. If divided into user control and user infor-

mation, user involvement could be differentiated more effectively.

2.4 Framing Experiences

The effect of framing on people in general has been studied in detail within social science

and psychology. Most of the research in sociology is investigating political communica-

tion within a society that has mass media (e.g. Scheufele [1999] or Iyengar and Kinder

[2010]). Psychology focuses more on the generalisation of ”frames as informationally

equivalent labels” [Scheufele and Iyengar, 2012, p.2]. In general, there are three differ-

ent types of framing according to Levin et al. [1998].

The first type of framing is risky choice framing. This investigates risk preference [see

also Kahneman, 2011, pp. 334] under a different highlighting of prospects. For example

two frames could be ’You are going to get 1000$ with a 20% chance’ vs. ’You are going

to lose 100$ with an 80% chance’ show statistically different outcomes in how people

react to the choice they have.

The second type of framing is attribute framing. Here, researchers show an item in

either a positive or a negative light and see how the evaluation of the item changes.

Cases – similar to the research presented here – where certain attributes of an item are

highlighted or not, without a judgement of positivity or negativity, are rare.

The third type of framing is more directly tiered to what sociology does. It’s called goal

framing and is interested in whether people adopt behaviour or opinions after they have

been exposed to persuasive examples.

Attribute framing is the closest description of what is presented here. The test persons

are informed about all means of adaption (including eye movements) or only partly (not

mentioning eye movements). Similar research into framing interactive experiences has

been done by Hartmann et al. [2008] for websites.

Ethical issues arise. Since some test persons are informed about how the software pre-

sented to them works and some are only partly informed, it is important to be sensitive
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toward the test persons and ensure full disclosure at the end of a test session [see also

for a more general discussion Berg and Lune, 2004, Chap. 3]. Test participants still

have the option of not having their data used after the full purpose of the study has

been revealed to them.

2.5 Framing the User Experience of Games with Eye Move-

ment Based Adaptation

This chapter has shown how the questions investigated in this work touch several sub-

jects in different fields of research and science such as cultural theory, psychology, eye

movement research, usability and computer science. We know now how to deal with the

question of what a game is in this context, even though there isn’t necessarily a clear

answer for that question. However, games can be approached as a pleasing interactive

experience that does not follow a clear goal.

Furthermore, we discussed how expertise and especially expertise in Tetris is formed

and can be detected. With the Game Experience Questionnaire by IJsselsteijn et al.

[2013], there is a tool to measure the self-reported game experiences a player has during

play, even though not all assumptions the test has about games are met by Tetris.

There has been a short presentation of eye movements, how they are measured and

how they can be interpreted for the purpose of this research. There has also been

a presentation of the process of adaptation. Eye movement based adaptation in this

context can hardly be influenced by the player and follows more the concept of adaptivity.

And finally, there has been a short wrap up about types of framing and how this research

follows into a type of attribute framing.

This knowledge helps comprehending the nature of the research question on the effect

of framing the user experience of games with eye movement based adaptation compared

to the actual use of eye movement based adaptation better.



Chapter 3

Research Hypotheses

Within a general discourse of growth and development in computer science as well as

the tech sector, there is often a very positive attitude towards new ideas incorporating

additional technology. However, within this positivity, critical analysis of actual use

and effect of these technologies on its users appears to be neglected. This work asks

the question on whether the simple suggestion of a new use of technology is enough

to increase the performance and experience of a player and whether their viewing and

acting patterns differ from other players who have not been informed about the use of

technology. Furthermore, the actual effect of the implementation of this technology is

analysed by seeing how both groups of players perform, experience and act in games with

eye movement based adaption and in games without eye movement based adaption.

3.1 Performance Based Hypotheses

While performance is not the only reason for a joyful game experience, it heavily con-

tributes to it (see Wetzel et al. [2014] for a discussion on their study). Hence, the effect

of both framing as well as eye movement based adaption on performance has to be

considered.

Does framing the adaptivity of the game have a positive effect on a player’s

performance?

H-P1RH: Framed players perform better than non-framed players.

Does eye movement based adaptation have a positive effect a player’s per-

formance?

H-P2RH: Players perform better in eye movement based adapted games than those

playing a conventionally adapted game.

18
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Which has a greater effect on a player’s performance – adapting or framing

a game?

H-P3RH: There is a greater effect on the performance of framed players than that of

non framed players even even if they play a conventionally adapted game.

Does eye movement based adaptation also improve a framed player’s perfor-

mance?

H-P4RH: Framed players perform better in games with eye movement based adaptation

than in games with conventional adaptation.

H-P5RH: The delta in performance of framed players in games with eye movement

based adaptation compared to conventionally adapted games is smaller than the delta

of performance of non-framed players in games with eye movement based adaptation

compared to conventionally adapted games.

3.2 Gameplay Experience Based Hypotheses

While the gameplay experience, as it consists of multiple aspects of several experiences, is

hard to assess adequately (see Section 2.1.2.2), players are expected to report on changes

in their gameplay experience with positively or negatively connotated consequences.

This is supposed to change according to whether they play games with or without eye

movement based adaption and also whether they know about the eye movement based

adaption or not.

Does framing have a positive effect on a player’s gameplay experience during

the game?

H-U1RH: Framed players have a better gameplay experience than non-framed players.

Does adapting the game based on eye movements have a positive effect on a

player’s experience during a game?

H-U2RH: Players of a game adapted on eye movements have a better gameplay expe-

rience than those playing a conventionally adapted game.

Which has a greater effect on a player’s experience during a game – adapting

or framing?

H-U3RH: Framed players have a better gameplay experience while playing than non-

framed players, even if they play a conventionally adapted game.

Does eye movement based adaptation also improve a framed player’s game-

play experience?
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H-U4RH: Framed players have a better gameplay experience in games with eye move-

ment based adaptation than in games with conventional adaptation.

H-U5RH: The gameplay experience of framed players does not improve as much as

that of non-framed players when playing a game with eye movement based adaptation

compared to a conventionally adapted game.

3.3 Expertise Based Hypotheses

Furthermore, whether the type of adaption, and whether players know about it, influ-

ences their interaction with the game is of interest within this work. It might be, that

players show different behaviour when interacting with different types of games under

different pretenses. One aspect of this different behaviour is expert behaviour: do players

interact more confidently with the game they are playing?

Does framing support players to show more expert behaviour?

H-E1RH: Framed players will show more expert behaviour than non framed players.

Does an eye movement based adaptation of a game support the development

of expert behaviour for a player?

H-E2RH: Players of games which are adapted according to eye movements show more

expert behaviour than those of conventionally adapted games.

Which has a greater effect on the expert behaviour of players – adapting or

framing?

H-E3RH: Framed players show more expert behaviour than non-framed players, even if

they play a conventionally adapted game.

Do framed players exhibit more expert behaviour when playing a game with

eye movement based adaption?

H-E4RH: Framed players will show more expert behaviour in games with eye movement

based adaptation than in games with conventional adaptation.

H-E5RH: Framed players will have less of a delta in expert behaviour than non-framed

players when playing a game with eye movement based adaptation compared to a con-

ventionally adapted game.

3.4 Intersectional Hypotheses

While this research has a focus on the effects of eye movement based adaption in games

and their framing, in some cases one cannot say where an effect actually comes from.
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In order to have a well-rounded picture of the influence of framing and eye movement

based adaption at their own terms, some questions have to be asked that investigate the

relationship between the hypotheses groups above.

Does a better performance positively influence a player’s experience during

a game?

H-I1RH: The better the performance of a player the better their experience.

Does a better performance correlate with more expert behaviour?

H-I2RH: The better the performance of a player, the more expert behaviour they show.

Do players who show more expert behaviour enjoy the game more than

others?

H-I3RH: The more expert behaviour can be detected for a player, the better their

gameplay experience.



Chapter 4

Tetris

As the reference game there will be a general description of Tetris (4.1) including

the mathematical attributes (4.1.1) and specific options of game state analysis (4.1.2).

Subsequently, different versions of block selection algorithms are discussed and compared

(4.2). These are Nicetris (4.2.1), Grab Bag (4.2.2), True Random (4.2.3), Skewed

Random (4.2.4) and Bust Head (4.2.5). Furthermore, three different implementations

(4.3), Pytris (4.3.1), NEMtris (4.3.2.1) and EMtris (4.3.2.2) are presented.

4.1 General Description

Tetris was developed by Alexey Pajitnov and Vadim Gerasimov during 1985/1986. It

is seen as an important part of computer game history [Sheff, 1993]. With its easy rules,

even novice players can quickly understand the game.

The main game focuses on a field that is 20 blocks high and 10 blocks wide. Small

tokens called tetrominoes appear on top of the game field and fall down stepwise (see

Figure 4.1). The time frame from appearance of the block until it settles in a place is

called an episode. The blocks have to be arranged in such a way that they create lines

which increase the score and are then removed from the field (cleared rows). The more

lines removed in one episode, the higher the score awarded. At most four rows can be

cleared at once. When this happens, a tetris occurred. As soon as the pile reaches the

top of the field, the player loses. During gameplay, the speed with which tetrominoes

appear and move down increases with each row cleared.

A Tetris player can perform one of three actions: rotating the currently falling tetro-

mino clockwise or counter-clockwise, translating the current tetromino to the left or the

right or dropping the piece, where the current piece falls down as far as it can onto

22
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Figure 4.1: Illustration of a game of Tetris in play (left) and the tetrominoes that
might fall down during the game (right)

the contour of the pile. This means that the player is limited to a very small range of

possible interactions with the game making it easier for a researcher to observe the game

state.

Furthermore, Tetris is fairly well-known, which makes it easy to find a sufficiently large

population of interested test participants with different levels of expertise.

4.1.1 Mathematical Attributes

The question of whether you can win at all when playing a game of Tetris has not

only been asked by the players themselves, but also answered by Brzustowski [1992].

They showed that there exists no winning strategy in Tetris. Since the only winning

strategy could be an endless game, they have effectively proven, that there exists at least

one kill sequence that ends a game of Tetris for a player. This has been generalised

by Burgiel [1997] showing that this happens independently from the interplay between

computer and player. The computer does not react to the player’s move and, hence, can

be assumed as true for a wide variety of implementations of the game as long as they

contain ß1 pieces.

Furthermore, Demaine et al. [2003] proved the NP-completeness of various strategies a

player of Tetris could have. These include maximising the number of cleared rows,

maximising the number of tetrises, minimising the pile height or maximising the number

of pieces appearing before the game ends.

1The German letter ß is used to denote S and Z pieces as per Figure 4.1. Whenever this letter is
used, it refers to both, S and Z pieces.
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Tetris is thus a game that will end eventually, even if it is not defined when. There

exists no winning strategy for a player. Furthermore, determining optimal play according

to several strategies is NP-complete.

4.1.2 Game State Analysis

While Tetris is a game that works with a temporal concept of real time, the process is

divided into distinct episodes for each block. This makes logging a game and analysing

it particularly easy, because snapshots of the game state are enough to extract the most

important parameters. But which are those?

(a) Parameters used by Fahey [2012]
(b) Bumpiness as used by Flom and

Robinson [2005]

Figure 4.2: Parameters for Tetris Game State Analysis

In order to enable artificially intelligent agents to play Tetris, Fahey [2012] established

pile height, which describes the height of the highest point of the contour, number of

closed holes, which counts the number of unreachable areas with size 1x1 under the

contour, and number of wells, which are deep narrow spaces that can only be filled by

an I block in order to clear one or more rows, as defining aspects of the quality of a

game (see also Figure 4.2a). Flom and Robinson [2005] added a measure of bumpiness

calculating the height differences along the contour (see also Figure 4.2b). They also

considered lines cleared up to that point as a parameter that describes the quality of a

game.

A more fine-grained approach can be found with Böhm et al. [2005]. As well as all of

the parameters described so far (except bumpiness), their algorithm considers
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• connected holes, where holes that border on holes are counted as one hole instead

of two (cf. Figure 4.3a),

• altitude difference, the difference between the highest and the lowest point in the

contour (cf. Figure 4.3a),

• maximum well depth, the depth of the deepest well,

• landing height, the height at which the last block has been placed,

• occupied2, the number of currently occupied cells,

• weighted occupied, where occupied cells on a higher level are counted with a higher

coefficient than occupied cells on a lower level,

• row transitions, calculating the sum of all transitions between occupied and unoc-

cupied cells on a horizontal axis,

• column transitions, calculating the sum of all transitions between occupied and

unoccupied cells on a vertical axis (cf. Figure 4.3a).

(a) Selection of parameters used by
Böhm et al. [2005]

(b) How Shahar and West [2010] deal
with holes

Figure 4.3: Parameters for Tetris Game State Analysis Cont.

Shahar and West [2010] additionally used the concepts of weighted holes, in which the

holes are weighted according to their height, highest hole, which records the height of

the highest placed hole (cf. Figure 4.3b), and game status which indicates whether the

game is still running or has been lost already.

All of these parameters only depend on the current state of the game or its past (for lines

cleared), so they only have to be calculated once per episode. This not only allows for

episode-wise analysis of a game, but also for a comparatively fine-grained adjustment

of the game while not disrupting a single episode. Since players expect a change of

2This attribute is called blocks in the original source. However, this term has been deemed too
ambiguous in this context, so it was changed.
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difficulty only after they have cleared a row, it might otherwise be confusing, if the

game obviously reacts to anything other than placing a tetromino.

In order to analyse expertise in Tetris, Lindstedt and Gray [2013] divided their metrics

into different scales of human action following Newell [1990]. They divided possible

metrics into global metrics like all of the ones above, local metrics, evaluating the position

in which the current tetromino has been placed, and immediate interaction metrics,

accumulating information about the interaction during an episode. While the metrics

in the last group are calculated throughout an episode, the actual analysis of all these

metrics can only be performed per one or more episodes. All in all they use eight

different global metrics – some of them equivalent to the ones above –, six different

local metrics and seven different immediate interaction metrics. The most expressive of

those were none of the global metrics, matched edges effectively decreasing bumpiness,

filled wells3 and filled overhangs on the local scale and finally total rotations, drop ratio

(comparing the original speed with the actual speed achieved via player interaction) and

drop latency, the time measured from the appearance of a tetromino until it is being

dropped by the player.

While there have been lots of approaches on how to actually measure the game board,

with all of their findings taken together, they are non-conclusive in their usefulness for

actual game state analysis, which is why some have been analysed within the Pre-Study

according to how they correlate with the actual performance of a player (see Section 5.1).

4.2 Choosing Blocks

The heart of any Tetris game is the algorithm choosing which blocks are spawned. Next

to obvious solutions like a random choosing of all available blocks (see also below 4.2.3),

there have also been propositions of using Tetris games as means of communication

by encoding information in how the blocks are chosen. This selection of blocks is then

still supposed to appear random or at least semi-random to an unknowing player (see

for an example, e.g. Ou and Chen [2011]).

In this section, five algorithms are presented with the general idea behind how they

choose blocks together with a sample implementation in Python.

3named uncovered pits in the original source; changed here for consistency
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4.2.1 Nicetris

In order to offer players an algorithm that helps them learning the game and play it

with a minimum amount of challenge, the Nicetris algorithm has been designed using

the inverted principles of the Bust Head (see below 4.2.5) algorithm. By analysing the

situation of the current game board and especially the contour, this approach ensures

that the player always has an edge-fitting option to place the current tetromino and,

hence, enable them to clear rows quickly. situation[4] in Listing 4.1 refers to an array

containing all shapes, that fit into the current pile. If the contour is really not fitting for

any piece (which is theoretically impossible), the choice is made from the set of generally

well fitting blocks (O, I, and L-blocks).

1 n ice bag = [ ]

f o r element in bag :

3 i f e lement in s i t u a t i o n [ 4 ] :

n i c e bag . append ( element )

5 i f l en ( n i c e bag ) > 1 :

re turn cho i c e ( n i c e bag ) ( )

7 e l s e :

r e turn cho i c e ( [ I ,O, L ] ) ( )

Listing 4.1: Sample Implementation of the Nicetris Algorithm in Python

4.2.2 Grab Bag

According to Khandaker [2011], this is the original Tetris algorithm. All possible tetro-

minoes are put in a bag and drawn randomly one after the other without replacement,

which means, until the bag is empty. Then, another bag is opened for the next seven

pieces (cf. Listing 4.2).

i f l en ( ungrabbed bag ) == 0 :

2 ungrabbed bag = [ O, I , S , Z , L , J , T ]

b lock = cho i c e ( ungrabbed bag )

4 ungrabbed bag . remove ( block )

re turn block ( )

Listing 4.2: Sample Implementation of the Grab Bag Algorithm in Python

This should create a fair random game. With this algorithm there are at most 12 pieces

between two I tetrominoes and a maximum of four ß pieces can come in a row. Hence,

the chances of encountering a run of the same (bad) pieces are lowered.
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4.2.3 True Random

The most basic algorithm for choosing blocks in a game of Tetris is the True Random

version (cf. Listing 4.3).

1 re turn cho i c e ( O, I , L , J ,T, S , Z ) ( )

Listing 4.3: Sample Implementation of the True Random Algorithm in Python

The piece selection is random and independent. Very fortunate and very unfortunate

series of blocks are equally likely.

4.2.4 Skewed Random

In order to increase the likelihood for a kill sequence as described by Burgiel [1997],

Skewed Random assigns a 50% chance to either of the ß pieces instead of the likelihood

of 2/7 = 28.57% like this is the case for True Random (cf. Listing 4.4).

1 i f random . rand int (0 , 1 ) == 0 :

re turn cho i c e ( [ S , Z ] ) ( )

3 e l s e :

r e turn cho i c e ( [O, I , L , J ,T] ) ( )

Listing 4.4: Sample Implementation of the Skewed Random Algorithm in Python

Mild Skewed Random

A milder version of this algorithm adapts Skewed Random as such, that the likelihood

for ß pieces is at 39%. This version is expected to still be more difficult than the

previously described algorithms (Nicetris, Grab Bag and True Random) while

being less harsh than the 50% version.

4.2.5 Bust Head

This algorithm is inspired by the Bastet game developed by Poloni [2012]. While their

version relies on well analysis, the version used in this research is based on contour

analysis. First, the algorithm checks which pieces do not fit the contour (fitting pieces

are recorded in an array in situation[4] in Listing 4.5). Then, a bag of these pieces plus

the O piece is used to randomly choose the next tetromino. If every possible tetromino

could fit the contour, the undesirable combination of O and ß pieces is used as a bag for

the next elements. This procedure should increase the likelihood of a kill sequence as

described by Burgiel [1997].
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t iny bag = [O]

2 f o r element in bag :

i f e lement not in s i t u a t i o n [ 4 ] :

4 t iny bag . append ( element )

i f random . rand int (0 , 2 ) > 0 :

6 i f l en ( t iny bag ) == 1 :

re turn cho i c e ( [O, S , Z ] ) ( )

8 e l s e :

r e turn cho i c e ( t iny bag ) ( )

10 e l s e :

r e turn cho i c e ( bag ) ( )

Listing 4.5: Exemplary Implementation of the Bust Head Algorithm in Python

While Bastet and Bust Head share the same core idea, which is to create a really

difficult game of Tetris, their methods of achieving this differ. Hence, the algorithm

used here is differently named, but phonetically similar in order to keep the roots of the

idea in mind.

4.3 Implementations

In order to fulfill different purposes for different test scenarios, three special versions of

Tetris have been implemented. These have been designed having broad data recording

in mind, so that there is data available for research questions that might arise later or

come from a different angle.

4.3.1 Pytris

Pytris has been implemented in Python 2.7 using the pygame library4. This made

it possible to account for the desired goal of having test participants create a realistic

game environment on their own computer.

4.3.1.1 Game Mechanics

Pytris offers all game mechanics found in common versions of Tetris. Players are able

to translate, rotate and drop tetrominoes coming down. Additionally, they can listen to

the original Tetris-score while playing, if they desire to do so.

4see http://www.pygame.org/news.html

http://www.pygame.org/news.html
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Upon starting the script, Pytris captures the screen in a full-screen mode so that players

are not visually distracted by other programmes. Graphically there are also no further

distractions from the game itself. It does not show a score or a number of lines made

indicating performance directly (see also Figure 4.4).

The initial speed of the game is set to 400 ms, which means the tetromino is moved

every 400 ms. Speed increases in steps of 5 ms happen whenever a line is removed. If

more than one line is removed at the same time, the speed increase is multiplied by the

number of lines removed. The minimum speed is set to 75 ms. These parameters can

be changed easily within a config file, if needed.

Figure 4.4: Graphical interface of Pytris during an active game

For each game, the algorithm for choosing pieces is chosen at random without replace-

ment from a bag holding all five basic algorithms described above twice. This means,

each player plays ten games of Tetris, two per algorithm, in a random order.

A game ends after five minutes or when a player loses – whichever event comes first.

The script pauses at that point in order to give players time to fill in a questionnaire

or have a self paced break between games. However, during these breaks the screen is

still captured preventing players to do any other computer based activity, at least at the

machine they are playing Pytris on. Due to the time restrictions for each individual

game, players play a maximum of 50 minutes during one session.

4.3.1.2 Data Recording

Pytris has been designed in order to record a variety of data. For each game in a

session, a log file is created. After a test session concludes, these files can be retrieved

in a folder named by the participant ID.
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Every entry in a log file has a time stamp. A log file consists of a header for general

test data such as the participant ID defined in the player setup, the number of the game

(ranging from 1 to 10), which algorithm has been used in this game, whether the player

had the original Tetris score activated and finally, when the game started. The initial

speed and every speed change are recorded as well.

For each new block, a situational analysis is performed. This consists of a count of

lines made so far into the game, the current pile height, the current bumpiness measure,

the current number of closed holes and for which type of tetromino there are possible

placements on the current contour. Then the chosen block and the current grid are

recorded as well as every keyboard interaction of the player.

4.3.1.3 Version for Skill Determination

Pytris has been slightly modified in order to use it for skill determination in the main

study (see also Section 5.2.3). For that, the program is split into two parts. The first part

lets a player play with the same constraints as described above, but only three games

and only using the Grab Bag algorithm. Additionally, the speed increases faster than

in the original version, so that players are challenged sooner (starting at 400ms intervals

and increasing by steps of -10ms). Games are also shorter, only lasting 150s. The second

part does the same with only two games, giving them the game identifiers 4 and 5.

4.3.2 (N)EMtris

For the main research study two versions of adaptive Tetris have been implemented.

Possible adaption modes in Tetris are the choice of the algorithm for choosing blocks

and the speed with which the tetrominoes fall. Both modes are used in both versions of

(N)EMtris.

While NEMtris considers the current state of each episode and, hence, the previous

and current actions of a player, EMtris additionally considers deviated measures from

fixations during the last episode. Both have been implemented in C# and incorporated

into an in-house framework for eye tracking related research.

4.3.2.1 Adaptivity of NEMtris

Adaptivity in NEMtris relies only on the current state of the board after an episode.

As we can see later on (see Section 5.1.3), the values for bumpiness and pile height

describe the difficulty of the current situation best.
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Value for Bumpiness Algorithm

<= 14 Bust Head
15|16 Skewed Random
17|18 Mild Skewed Random
19|20 True Random
>= 21 Grab Bag

Table 4.1: Adapting to Bumpiness - relationship of numeric values to algorithms

Table 4.1 shows how bumpiness influences the algorithm. The specific numeric values

have been derived in a data-driven fashion from values that were found in the pre-study

by taking the mean for each algorithm (cf. Table 5.4) and adjusting within the global

minimum minus the standard deviation and maximum plus the standard deviation.

Since the bumpiness is strongly influenced by the pieces that are available to the player

it is more suitable for algorithm adaption than speed adaption.

Figure 4.5: Adaptation to Pile Height - abstract illustration of concept

The speed difficulty becomes even harder when the pile rises to a certain height. While

the criticalness of this height might differ for each player, the principle holds. In

NEMtris adaption to pile height only starts when the pile has reached a height of

five rows in the tallest column. This value has also been determined by the pre-study

considering the minimum for the easiest algorithm minus the standard deviation (cf.

Table 5.3). After this threshold value has been reached, speed adjustments happen

whenever the pile height changes in a reciprocal relationship. This means that speed in-

creases when the pile height decreases and speed decreases when the pile height increases

(see also Figure 4.5). The steps for this adjustment are two milliseconds, while this value

gets multiplied with the number of rows that contribute to the increase or decrease of

the pile height. Additionally, whenever a player removes a line, there is an obvious

change of speed of ten milliseconds (multiplied with the number of lines removed), so

that the game exhibits expected behaviour for the player. This means that there is a

speed increase of twelve milliseconds (times number of rows removed) whenever a player

removes rows and a speed decrease of two milliseconds (times the pile height difference)

whenever the pile rises at its maximum.
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4.3.2.2 Adaptivity of EMtris

While EMtris makes use of the adaptivity mechanics of NEMtris, it additionally uses

data derived from eye movements in order to adapt the speed of the game and the

algorithms for choosing blocks. While the derived measurements have been established

in a theory-driven way, the threshholds have been determined according to data from

the pilot study.

Transition Value Algorithm

<= 0.00414594 Bust Head
0.00666522 - 0.00414594 Skewed Random
0.01032776 - 0.00666522 Mild Skewed Random
0.02058082 - 0.01032776 True Random

> 0.02058082 Grab Bag

Table 4.2: Adaption to Transition Value - mapping of percentiles to algorithms

The transition value describes the relationship of fixation transitions between areas of

interest (AOIs). There are in total eleven AOIs on a field of (N)EMtris (see also

Figure 4.6). Eight of them are simply the available background space tiled into equal

parts. Additionally there are three special AOIs: two around the contour and one as a

bounding box of the tetromino. The region of the contour AOIs – which are divided at

the center of the board into contour left and contour right – is determined by taking the

pile height of a column and adding the cells above and below the contour to the AOI

dynamically after every episode. The piece AOIs are determined dynamically at every

point in time where the tetromino changes position on the board be it via rotation or

actual movement. The AOI contains the piece itself and all cells that surround it. This

means, that differently shaped tetrominoes have different AOI sizes. While the T, L,

J, S, Z and I shapes have AOIs of a size of 18 cells, the AOI containing the O shape

only has a total of 16 cells. Due to its condensed form, this is, however, unavoidable

and a negligible difference for the actual consideration of tetromino AOIs. While the

whitespace around the board has not been deemed an AOI in and of itself, transitions

from and to it are also counted for the transition value.

Mathematically, the transition value is determined by the relationship number of transitions
seconds .

A low value means that there have not been a lot of transitions during this episode

and that the player, hence, was focused on items with a longer dwell time. According

to Goldberg and Kotval [1999] this then indicates an efficient and focused use of eye

movements. When players show more transitions during an episode, the opposite is
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Figure 4.6: Areas of Interest in EMtris as considered for the calculation of the
transition value

the case and the search and processing is less efficient and, hence, as an exhibition of

uncertainty.

In order to determine the values of Table 4.2, the distribution of transition values for the

pilot study have been taken and divided into fitting percentiles at 20%, 40%, 60% and

80% to determine delimiters. Since the nervousness of a player is most likely influenced

by the current game state, which can be shaped by the choice of pieces, the transition

value influences the block choosing algorithms.

Since EMtris also uses the game state analysis based adaption mechanisms NEMtris

uses, Figure 4.7 shows, how the full algorithm adaption is calculated in EMtris. Each

algorithm is represented by a number from one to five, where Grab Bag is represented

by the one and Bust Head by five. The values for both algorithm adaptions are

calculated separately and then summed up and divided by two. If both come to the

same conclusion, the value stays unchanged. However, if according to the bumpiness

of the game it is supposed to be very hard, but according to the transition value, the

player is coping inefficiently with the situation, and would make the game very easy, the

harsh judgement of the bumpiness gets smoothed by the eye movement based adaption.

With Tetris there are clear regions of interest for players to look at. These are the con-

tour and the tetromino of the current episode. Jermann et al. [2010] showed that experts

at Tetris look at these regions more regularly than novice players, which follows com-

parable studies [e.g. Singer et al., 1996]. This means that a measurement derived from

where people look tells us about their competence. In comparison, the transition values

measure how players look at the game and, hence, measure their current emotional state.
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Figure 4.7: Adaption of Algorithms in EMtris - combination of game state adaption
and eye movement based adaption

Figure 4.8: Adaption to Out-of-Interest Fixations - abstract illustration of concept

The Out-Of-Interest(OOI) Fixations ratio is calculated by Number of Out-Of-Interest-Fixations
Number of All Fixations .

An OOI-Fixation for this calculation is every fixation that occurs in an area that does

not belong to the AOIs of the contour or the current tetromino. The values for the

thresholds as can be seen in Figure 4.8 have again been determined by the pilot study.

Since experts perform a given task they are experts in faster than novices, the eye

movement based speed adaption relies on the OOI-Fixations ratio. OOI-Fixations are

especially useful, since as a tool for analysis, they give additional information about how

meaningful and relevant a given fixation is. The speed adaption then relies on the actual

value achieved for the OOI-Fixations ratio. This also means that in this way, adaption

for decrease happens slightly faster than adaption for increase, because the relationship

of OOI-Fixations ratio to the speed adaption is again one of reciprocity.

With regards to speed adaption, EMtris incorporates the pile height measure of NEMtris.
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Figure 4.9: Adaption of Speed in EMtris - combination of game state adaption and
eye movement based adaption

Speed is fully adapted by the sum of the individual components calculated by the pile

height and OOI-Fixations ratio (see also Figure 4.9). This way, if the pile height sug-

gests a fast game, but the OOI-Fixations ratio establishes that the player exhibits low

expert behaviour in their fixations, the speed adjustment levels each other out. How-

ever, if both measures establish the same direction (decrease or increase), the values are

amplified.

4.3.2.3 Data Recording

As well as the logs automatically created by the EyeLink II by SR Research that have

been used for the study in this context, (N)EMtris also does its own data recording

for general information about the game and its states next to eye movement events and

calculations performed on them. Since the in-house framework would enable researchers

to use different eye trackers according to their needs5, the log files provided by each eye

tracker might differ or even be non-existant.

(N)EMtris records every key input a player makes that results in an action together

with that action. Whenever a fixation occurs, the data of the fixation is recorded

5Currently, the following options are provided: EyeLink II, The Eye Tribe, a self constructed
version of the ITU-Tracker [see for the concept Hansen et al., 2004] and a Mousetracker simulating
eye movements. It is foreseeable that the software will be enhanced to also consider other and more
modern eye trackers as they become available to the laboratory.
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together with its AOI and whether the fixation is in an Area of Special Interest or

OOI. Furthermore, the eye movement events of blinks, gazes in general and saccades are

recorded.

At the start of a game, a new line is appended indicating a new game section and the

participant identifier is recorded as well as the game type (NEMtris or EMtris). At

the end a line is written to indicate the end of the game. Every time a player cleared a

line, the number of lines cleared so far and the score resulting from that are recorded.

Note that the score can differ, since it depends on the number of lines cleared at the

same time (see for more details Section 6.4.1).

At the start of an episode of a tetromino, its shape is registered. Whenever an episode

ends, the current game state is fully registered. This means, as well as pile height,

the height difference between the previous pile height and the current pile height, the

number of closed holes and the current sum for bumpiness, the logger also records the

eye movement derived measures of OOI-Fixations ratio, the number of transitions and

the transition value itself. In order to be able to reconstruct all steps of adaption, the

speed adjustments of both NEMtris and EMtris and the resulting speed adjustment

(according to version) are noted as well as the respective data for choice of algorithm.

Finally, a current representation of the board is printed.

With this data recording mechanism at hand, all requirements according to the design

of the user study (see Chapter 5) were fulfilled and the hypotheses (see Chapter 3)

formulated within this research project can be investigated. Furthermore, the data

recording enables researchers to develop their own questions along the data set produced

by the study (see Chapter 6).



Chapter 5

Pre-Study, Pilot Study and

Design of User Study

In order to investigate the research questions described in Chapter 3 and test the hy-

potheses derived from them, a user study has been conducted (see Section 5.4 for the

resulting operational hypotheses). To prepare it, a pre-study investigating different

Tetris block choosing algorithms (5.1) and a pilot study (5.3) have been conducted as

well. The design of the user study is covered in Section 5.2.

The reasoning for which test is used when can be found in Section 6.2.

5.1 Pre-Study

The pre-study has been conducted using the Pytris implementation (see 4.3.1) of

Tetris. Its main purpose was to investigate intrinsic differences between the five types

of algorithms established in the corresponding section above (4.2).

5.1.1 Leading Questions

The pre-study was designed to find out whether different algorithms for choosing blocks

in Tetris have intrinsically different difficulties and whether they are also perceived

by players as having different difficulties. Data recording was done in such a way that

the conventional adaptation in NEMtris and EMtris can be built upon a data driven

foundation.

38
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As a hypothesis, there was the expectation that the algorithms would be ranked as

follows from most to least fun, perceived easiest to hardest and best performance to

worst:

1. Nicetris → 2. Grab Bag → 3. True Random

→ 4. Skewed Random → 5. Bust Head

5.1.2 Procedure

Test participants were recruited amongst peers on a voluntary basis. They were free to

choose between a lab setting, a home setting and a lab setting on their own computers.

The settings are, hence, not comparable. This was intentional, since test participants

were encouraged to create a ’natural’ gaming situation for them in order to counteract

effects that might occur when gaming in laboratory settings (see for a discussion of this

issue Ladouceur et al. [1991]).

After giving their consent to the use of data in oral form, participants first filled in

a questionnaire asking for statistical data and self-rated Tetris expertise. Then they

started playing the ten Tetris games as defined in Pytris (see Section 4.3.1). After

every game, there was a short questionnaire asking how players rated fun and difficulty of

the game they just played. The full questionnaire concept can be found in Appendix A.1.

Pauses between games were self-paced; however, it was suggested that after five games

test participants should take a longer pause, since playing for 50 minutes straight can

be tiring.

The recorded data included the log data provided by Pytris and the completed ques-

tionnaires.

5.1.3 Results

In total, 16 test participants took part in the pre-study, resulting in 160 games played,

32 per algorithm. The gender of test persons was equally distributed along a binary

type categorisation (male, female)1. Test participants’ ages ranged from 22 to 34 years

(mean: 26 years, median 25.5 years).

1As can be seen in Appendix A.1, the attribute of ’gender’ has been enquired via a free form field.
However, none of the test participants violated social boundaries. Everyone filled in either male or
female according to external and internal attribution. See also for a general discussion amongst others
Butler [2011].
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Eleven of the test participants were educated or worked in Computer Science, five had

other occupations. All of them knew of Tetris and had played it before. Along a self-

estimated Likert scale ranging between [1..10], test participants rated their competence

in playing Tetris on an average of 5.867 (range: [3..9], median: 6).

For the full range of descriptive statistics on the test participants, see Appendix B.1.1.

5.1.3.1 Performance Based Results

Table 5.1 shows how players performed in the pre-study according to the number of lines

cleared during the game. This measure reflects the intrinsic difficulty of the algorithms,

whereas the questionnaire data reflects the perceived difficulty and fun of the algorithms.

The difference between Nicetris and Grab Bag appears to be negligible. Between

True Random and Skewed Random there is a larger difference than between the

other algorithms. The mean of lines cleared over all games played regardless of algorithm

lies at 27.08 lines. The differences in performance are significant with a large effect of

the algorithm on performance (p < 0.001, Spearman’s ρ = 0.524).

Algorithm Mean Median sd Significance Rank

Nicetris 34.19 32 13.585 p < 0.001 2
Grab Bag 34.22 32 14.524 p < 0.001 1
True Random 31.97 35 14.901 p < 0.001 3
Skewed Random 21.66 19.5 12.936 p < 0.001 4
Bust Head 13.38 10.5 9.366 p < 0.001 5

Table 5.1: Lines Cleared According to Algorithms in Pre-Study. Significance has
been calculated using the Wilcoxon-Mann-Whitney test. Rank (according to mean)

goes from most lines cleared(1) to least lines cleared(5).

Since speed increases with every line made, it seems natural that over all games as well

as individually (see Table B.2), the measure of speed correlates negatively and strongly

with the number of lines made (p < 0.001, Spearman’s ρ = −1.000). This demonstrates

the equivalence of the two measures.

With regards to duration of play, the expected ranking appeared (see Table B.3). The

values for Nicetris (mean: 276.6s, median: 285s, sd: 33.46s) and Grab Bag (mean:

272.8s, median: 298.5s, sd: 45.14s) were again closer to each other than for other algo-

rithms.
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(a) Reporting on Fun (b) Reporting on Difficulty

Figure 5.1: Perceived Difficulty and Fun for Different Types of Algorithms for Choos-
ing Blocks in Tetris as Reported in the Questionnaires. The level of significance is
denoted as ∗ → p < 0.05, ∗∗ → p < 0.01, ∗∗∗ → p < 0.001. Significance has been tested

using the Wilcoxon-Mann-Whitney test .

5.1.3.2 Questionnaire Results

In general, Nicetris and Grab Bag were ranked similarly by the test participants

regarding the fun and difficulty. The differences between the other algorithms were

stronger (cf. Appendix B.1.3). The questionnaire data follows the trend of the perfor-

mance based results, where Nicetris and Grab Bag were virtually the same. Players

also did not see a big subjective difference between them as well. As can be seen in Fig-

ure 5.1b, alternately to the initial hypothesis, Nicetris has even been rated as being

more difficult than Grab Bag.

5.1.3.3 Other Results

The analysis of closed holes2 (see also Table 5.2) shows a ranked difference between

Grab Bag, True Random, Skewed Random and Bust Head. According to this

data, Nicetris places between True Random and Skewed Random. This means,

that it is the only algorithm which does not sort itself consistently into the algorithm

order. The global median for closed holes over all games lies at 9.0. A Kruskal-Wallis

analysis shows that the differences between the algorithms is significant (χ2 = 81.02, df =

52, p < 0.01). After a Bonferroni Correction leading to α = 0.002, significant differences

are individually only between Grab Bag and Bust Head (Wilcoxon-Mann-Whitney:

U = 261, Z = 3.382, p < 0.001, r = 0.423).

2For a definition of closed holes please consider Section 4.1.1.
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Algorithm Mean Median sd Significance(p) Corr. Rank

Nicetris 8.31 8.5 4.63 < 0.001 -0.42 3
Grab Bag 7.00 6 3.96 < 0.001 -0.37 1
True Random 7.44 8 3.84 < 0.001 -0.26 2
Skewed Random 8.91 8 4.52 < 0.001 -0.25 4
Bust Head 10.50 11 3.77 < 0.001 -0.14 5
Over all 8.43 9 4.29 < 0.001 -0.44

Table 5.2: Maxmimum Number of Closed Holes per Game According to Algorithms
in Pre-Study. Significance has been done using the Wilcoxon-Mann-Whitney test. Cor-
relation means the correlation of the maximum number of closed holes with lines made
calculated with Spearman’s ρ. Rank (according to mean) goes from lowest maximum

(1) to highest maximum(5) of closed holes found.

Similarly, according to the pile height analysis (see Table 5.3), the algorithms are all

distinct. The general order of the algorithms again follows previous findings. The dif-

ferences between algorithms are significant according to a Kruskal-Wallis analysis (χ2 =

114.33, df = 52, p < 0.001). After a Bonferroni correction leading to α = 0.002 significant

differences can be found individually between Nicetris and Skewed Random (this

and following with Wilcoxon-Mann-Whitney: U = 271, Z = 3.236, p < 0.001, r = 0.404),

Nicetris and Bust Head (U = 166, Z = 4.646, p < 0.001, r = 0.581), Grab Bag and

Skewed Random ( U = 232.5, Z = 3.753, p < 0.001, r = 0.469), Grab Bag and Bust

Head ( U = 127, Z = 5.170, p < 0.001, r = 0.646), True Random and Bust Head

(U = 226.5, Z = 3.834, p < 0.001, r = 0.479) as well as Skewed Random and Bust

Head (U = 280.5, Z = 3.108, p < 0.002, r = 0.389).

Algorithm Mean Median sd Significance(p) Corr. Rank

Nicetris 7.15 6.75 1.72 < 0.001 -0.32 2
Grab Bag 6.69 6.57 1.81 < 0.001 -0.46 1
True Random 7.53 7.37 2.00 < 0.001 -0.56 3
Skewed Random 8.47 8.87 1.30 < 0.001 -0.48 4
Bust Head 9.45 9.81 1.58 < 0.001 -0.51 5
Over all 7.86 7.99 1.95 < 0.001 -0.66

Table 5.3: Mean Pile Height per Game According to Algorithms in Pre-Study. Sig-
nificance has been done using the Wilcoxon-Mann-Whitney test. Correlation means
the correlation of the mean pile height with lines made calculated with Spearman’s ρ.
Rank (according to mean) goes from lowest mean (1) to highest mean(5) of mean pile

heights.

Bumpiness (see Table 5.4) also shows a strong correlation with lines made, individu-

ally and over all algorithms. The differences between algorithms are significant with

a Kruskal-Wallis analysis (χ2 = 99.87, df = 52, p < 0.001). After a Bonferroni cor-

rection leading to α = 0.002 significant differences can be found individually between
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Nicetris and Bust Head (this and following with Wilcoxon-Mann-Whitney: U =

288, Z = 3.478, p < 0.001, r = 0.435), Grab Bag and Skewed Random (U = 203, Z =

4.149, p < 0.001, r = 0.519) as well as Grab Bag and Bust Head (U = 181, Z =

4.444, p < 0.001, r = 0.556).

Algorithm Mean Median sd Significance(p) Corr. Rank

Nicetris 17.37 17.09 2.66 < 0.001 -0.34 2
Grab Bag 16.48 16.67 2.58 < 0.001 -0.50 1
True Random 17.66 17.59 2.99 < 0.001 -0.44 3
Skewed Random 19.27 19.38 2.43 < 0.001 -0.67 4
Bust Head 19.95 19.77 2.94 < 0.001 -0.39 5
Over all 18.14 17.93 2.98 < 0.001 -0.61

Table 5.4: Mean Bumpiness According to Algorithms in Pre-Study. Significance has
been done using the Wilcoxon-Mann-Whitney test. Correlation means the correlation
of the time needed with lines made calculated with Spearman’s ρ. Rank (according to

mean) goes from lowest bumpiness (1) to highest bumpiness (5).

5.1.4 Consequences for Further Development

One of the two core results from the pre-study that influenced further development

on (N)EMtris was that the algorithms differ significantly from each other. However,

while the effective differences between Nicetris and Grab Bag are questionable, there

appears to be a gap between True Random and Skewed Random. For the adaption

along block choosing algorithms, the results are important for two different reasons.

First, an in-between version like Mild Skewed Random as described in Section 4.2.4

above smooths the transition between True Random and Skewed Random during a

live game. Second, since Nicetris does not produce as consistent results as the other

algorithms, it should not be used as a block choosing algorithm.

The other core result from the pre-study is that the situation analysis based measure-

ments can be used as indicators for performance. This means that the number of closed

holes, bumpiness and pile height are all individually suited as parameters on which clas-

sical live-adaption without eye movements could be based. Of these three, bumpiness

and pile height show the strongest correlation with lines made and also the most signifi-

cant inner categorical differences. Since (N)EMtris alters its speed and algorithms for

adaptation, pile height and bumpiness, which both show strong effects, were considered

for adaptation.
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5.2 Study Setup

Since the study setup was almost the same for the pilot study and the main study, the

general setup for both is presented together.

5.2.1 Test Setup

In order to be able to see and test for a framing effect, test subjects have to be primed

differently. Hence, there are four groups into which the test subjects were sorted (see

Table 5.5). The four groups are given identifying group names to make later analysis

easier.

eye movement based adaption conventional adaption

player framed FE FC

player not framed NE NC

Table 5.5: Classes of Test Subjects. The test is sorted in a mixed setting between-
subjects (rows) and within-subjects (columns). F/N distinguishes framing and no-
framing, E/C distinguishes eye-movement based adaption and conventional adaption

The test participants were divided into two groups (between-subjects) according to how

they were being framed. Both groups then played games that which were adapted to

eye movements and such which have only been adapted conventionally (within-subjects).

Players in neither framing group were informed that two versions exist beforehand and

were not aware during play, which version of (N)EMtris they were currently playing.

Due to the variance of the population from which the test subjects were drawn, the

results of the studies will also be tested for effects of gender, age, Tetris expertise,

presumed Tetris expertise as reported by the test participants and their spatial abilities

to limit the potential of reporting false effects.

5.2.2 Study Procedure

Every test person followed the same procedure. Before anything happens, test partici-

pants signed a consent form (see Appendix A.2). As a first step, they filled in an initial

questionnaire recording descriptive statistical data (see Appendix A.3). Then they per-

formed a Tetris skill test (see Section 5.2.3) using the respective version of Pytris

(see Section 4.3.1.3). This was followed by the framing of the players as an introduction

to (N)EMtris (see Appendix A.4).
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The core part of the test consisted of players playing four games at random (two of each

version of (N)EMtris) with an optional pause in-between. Every test participants

was being tracked during this part. The In-Game GEQ was used as individual game

experience measure for each game.

The full version of the GEQ (with the exception of questions regarding narrative) was

filled in when players finished their four games. This was followed by a pause of at least

five minutes, where players were offered a snack. In order to enable them to reflect their

post game experience and report on it, this pause is required. The In-Game GEQ, the

GEQ and the Post-Game Questionnaire are all taken from IJsselsteijn et al. [2013], albeit

with removal of the question ”I was interested in the game’s story”, because Tetris

has no story to speak of. The questions hinting to a semi-realistic environment and

enquiring about the quality of the graphical presentations were left in.

As a last formal step, participants were asked to do the revised Vandenberg & Kuse

Mental Rotations Tests in the MRT-A form [Peters et al., 1995] to assess their spatial

abilities. The full test setup and its purpose are revealed in the end.

The setup was fully available in English and German (see Appendix C) due to the

nature of the pool of test participants (see Section 6.3). To ensure that everything was

properly prepared and conducted for every test participants, a data control sheet (see

Appendix A.5) was used.

5.2.3 Determining Expertise

In order to establish the expertise of a test participant according to a performance

measure (see also Section 2.1.1.1) next to a self-reported one, test participants were

initially asked to play the skill determining version of Pytris (see Section 4.3.1.3) three

times in a row. Their gameplay was then analysed according to their performance; the

lines made in that time. If performance increases from the first to the second game, the

delta is analysed (how many more lines have been made). The performance increase is

quantified as a relationship of lines made/time−lines made previously/time
lines made previously/previously used time . Time normalisation

is needed to account for players who lose within the given time frame.

The potential performance increase is again measured from second to third game. If the

performance difference in the third game was more than 25%, the test participant was

asked to play 2 more games. It is assumed that by this point they have reached the

apex of their skill level for the test day.
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5.3 Pilot Study

The setup for the pilot study was slightly different. Test participants were informed

beforehand that there were two different versions of (N)EMtris that they would en-

counter during the test sessions. They also only filled in the questionnaire asking for

statistical data. The mental rotation test was not part of the pilot study.

5.3.1 Purpose and Leading Questions

The purpose of the pilot study was playtesting the implementation of (N)EMtris.

Since it cannot be expected that developers can test all edge cases of a given software,

having this extra test helped to find unintended behaviour of the software, that would

stay undetected otherwise and might influence the results of the main study in unwanted

ways.

A second purpose of the pilot study was to confirm the suitability of the initial skill test

that determines a player’s expertise. Having a larger audience exposed to the skill test

version of Pytris shows whether the approach works and whether the speed adjustment

works for differently skilled participants.

Furthermore, it was also important to acquire eye movement data for Out-of-Interest

fixations and transition values during a game of Tetris to ensure the viability of the

eye movement adaptation. In the pilot study setup those values were set to theoretically

driven ranges between [0.0..1.0].

Lastly, it was also important that the two versions of (N)EMtris are indistinguishable

to players on a conscious level. If their perceived difficulty is different, players would

know that they encountered two types of games, although they only have been framed

for one. The question here was, whether players could determine which game uses their

eye movement data and which one does not.

5.3.2 Results

There were six test participants who volunteered for the pilot study. They were between

18 and 27 years old (mean: 23.8 years, median: 24.5 years), five of them had a back-

ground in computer science and two of them identified as female. Four of them were

shortsighted, however, eye tracking was possible for all participants. All of them played

games fairly regularly and knew Tetris. They rated their confidence between 4 and 9

on a Likert scale ranging in [1..10] (mean: 6, median 5.5). More detailed information

about the individual participants can be found in Appendix B.2.1.



Pre-Study, Pilot Study and Design of User Study 47

During the first tryouts, several bugs within the implementation of (N)EMtris were

detected, localized and could subsequently be fixed for the main study. Since these

bugs included an issue with how the random number generator for the choice of blocks

worked, the pilot study was especially important, since it showed that there could be

games that mainly consisted of ß blocks, the worst of them only having three other

blocks, two of those being t-tetrominoes. Over several players, it also showed, that

ß blocks were generally more likely than with a plain Tetris using the Grab Bag

algorithm; however, that was mathematically to be expected.

As with the skill tests, it became obvious, that all participants did not show a difference

in performance compared to the last game of more than an absolute of 17.6% according

to lines made over time during the game as defined in Section 5.2.3. Table B.8 depicts

the individual performances in more detail. A closer analysis reveals that the standard

deviation for the best and average performances are lower, which means that the analysis

of these results in accordance to the actual performance of a player might be more stable.

OOI-ratio transition value

shapiro W = 0.928|p < 0.001 W = 0.077|p = 0.0

mean 0.689 0.0177

median 0.75 0.008

20% percentile 0.004

33% percentile 0.667

40% percentile 0.007

60% percentile 0.010

66% percentile 0.8

80% percentile 0.021

Table 5.6: Analysis of eye movements relevant to eye movement interaction in
EMtris. Values taken from pilot study. Note that the concept for EMtris as de-
scribed in Section 4.3.2.2 requires different percentile splits for the two ratios. The line

named ’shapiro’ indicates a test on whether the data is normally distributed.

As can be seen in Table 5.6, neither the Out-of-Interest (OOI) ratio nor the transition

value were normally distributed over all test participants. In order to account for this,

not a deviation from the mean according to a normal distribution but rather fitting

percentiles have been chosen as meaningful boundaries for the eye movement based

adaption of EMtris.

When test participants tried to guess which version of (N)EMtris they were currently

playing, they had a hard time deciding and only did so after several prompts. One

participant only made a statement for two of the four games. Players were unable

to guess which game they were playing, since none of the results were significantly



Pre-Study, Pilot Study and Design of User Study 48

different from a random distribution (NEMtris: p = 0.346, EMtris: p = 0.072 – using

Wilcoxon-Mann-Whitney).

5.3.3 Consequences for Main Study

Following the results of the pilot study, some adjustments and further developments

were made for the (N)EMtris prototype.

A hard ß block has been implemented. Following the realisation that ß pieces come

more often on average in (N)EMtris no matter what, the algorithm was changed so

that only a maximum of five ß pieces can come in a row. Otherwise, a ban on ß pieces

comes into place: For the next x pieces, ß tetrominoes are excluded from the choice of

tetrominoes. Here, x depends on the algorithm that is currently active. It is set to five

for Grab Bag down to one for Bust Head to retain the model of difficulty for the

algorithms.

The skill test showed that it was suitable for leveling players to their daily performance

level and also to establish an objective measure about player expertise in Tetris. Thus

it was deemed suitable for the main study without any changes.

The delimiters for eye movement based adaption according to the transition value and

the Out-of-Interest fixation ratio have been adjusted following the results of the pilot

study. Since the data was not normally distributed, percentiles have been used as

meaningful boundaries for adaptation.

Since the two versions of (N)EMtris were indistinguishable for the test participants,

they were deemed equally difficult and, hence, suitable for the user study.

5.4 Operational Hypotheses

With a test layout that has been designed with the research hypotheses of Chapter 3

in mind, operationalised hypotheses arise from these. They are still partly abstract and

usable for other research with similar questions, but more concrete in terms of what an

indicator for a parameter is (such as score as a measure of performance).

5.4.1 Performance Based Hypotheses

H-P1OH: Framed players have a higher final score than non framed players.
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H-P2OH: Players of eye movement based adapted games have a higher final score than

those playing a conventionally adapted game.

H-P3OH: Framed players have a higher final score even if playing a conventionally

adapted game.

H-P4OH: Framed players have a higher final score in games with eye movement based

adaptation than in games with conventional adaptation.

H-P5OH: The difference between final scores according to type of adaptation of a game

of framed players is smaller than the difference of final scores of non-framed players

when playing a game with eye movement based adaptation compared to a conventionally

adapted game.

5.4.2 Gameplay Experience Based Hypotheses

H-U1OH: Framed players report a better gameplay experience in questionnaires than

non-framed players.

H-U2OH: Players of a game adapted on eye movements report a better gameplay expe-

rience in questionnaires than those playing a conventionally adapted game.

H-U3OH: Framed players report a better gameplay experience in questionnaires than

non-framed players, even if they play a conventionally adapted game.

H-U4OH: Framed players report on a better gameplay experience in questionnaires when

playing games with eye movement based adaptation than in games with conventional

adaptation.

H-U5OH: The difference between reported values on gameplay experience with regards

to a game’s adaptation type of framed players is smaller than the difference of reported

values on gameplay experience of non-framed players when playing a game with eye

movement based adaptation compared to a conventionally adapted game.

5.4.3 Expertise Based Hypotheses

H-E1OH: Framed players show more expert behaviour in their eye movements and their

interaction with the game than non framed players.

H-E2OH: Players of games with eye movement based adaptation show more expert

behaviour in their eye movements and their interaction with the game than those of

conventionally adapted games.
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H-E3OH: Framed players show more expert behaviour in their eye movements and their

interaction with the game than non-framed players, even if they play a conventionally

adapted game.

H-E4OH: Framed players show more expert behaviour in their eye movements and their

interaction with the game in games with eye movement based adaptation than in games

with conventional adaptation.

H-E5OH: The difference in expert behaviour of framed players that can be extracted

from their eye movements and their interaction with the game will be larger than the

one of non-framed players when playing a game with eye movement based adaptation

compared to a conventionally adapted game.

5.4.4 Intersectional Hypotheses

H-I1OH: Players who receive a high final score also report positively on the game

experience questionnaire.

H-I2OH: The higher the final score of a player, the more expert behaviour can be

detected in their eye movements and their interaction with the game.

H-I3OH: The more expert behaviour which can be detected via a player’s eye movements

and their interaction with the game, the better their self-reported gameplay experience.



Chapter 6

Results of User Study

After a short presentation of the technical setup and the final procedure of acquiring

these results (Section 6.1), a reasoning for the use of statistical tests analysing the results

is provided in Section 6.2. General descriptive statistics about the test participants are

shown in Section 6.3 followed by the results (Section 6.4), which are discussed along

statistical hypotheses derived from the operational ones in Section 5.4.

6.1 Procedure

The study was conducted over two weeks. Test participants were recruited amongst

peers via email notices on a voluntary basis. They received cake as a thank you for par-

ticipating in the study. All of the test participants came into a lab within the university

in which the full test session was conducted in one appointment such as described in

Section 5.2.2. The EyeLink II by SR Research was used for eye movement recording.

Even though the issues with gaming in laboratory settings [Ladouceur et al., 1991] have

been raised previously, the lab setting was chosen to ensure similar light conditions to

reduce noise recording of the eye tracker. The study room had no windows which made

this task easier. Recording was done at a frequency of 250 Hz. Since The Eye Tribe,

the only suitable alternative to the EyeLink II available at the time, with its maximum

of 60 Hz does not offer a high enough temporal resolution for this research, the potential

disruptive effect of a head-mounted eye tracker was unfortunate, but not avoidable.

51
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6.2 Interpretation of Data

In order to not appear arbitrary in the choice of tests that are used on reporting results

throughout this thesis, this section shows why certain tests are used and under what

circumstances alternatives are chosen.

6.2.1 Test on Normal Distribution

In general, tests that check whether the data is normally distributed have been done

using the Shapiro-Wilk test. This test appears to be especially suitable for the analysis

of data with n < 50 [Field et al., 2012, cf.].

Figure 6.1: Q-Q Plot of Age Variable Indicating No Normal Distribution

Whenever the mathematical tests on normal distribution indicated edge cases, Q-Q plots

such as in Figure 6.1 investigating the norm have been used to verify results with a visual

inspection of the data.
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6.2.2 Tests on Significance of Difference

Tests on significance of the difference of two or more samples are chosen depending on

whether data was normally distributed or not. Student’s t-test for two samples or the

ANOVA for more than two samples both assume that the data is normally distributed

[Field et al., 2012, cf.]. They only have been used, when previous tests indicated, that

the data in fact is normally distributed.

Their equivalent for not normally distributed data are the non parametric tests by

Wilcoxon-Mann-Whitney (also called U-Test) for two sample sizes and the Kruskal-

Wallis analysis for more groups of analysis.

Whenever an ANOVA or a Kruskal-Wallis analysis yielded a significant difference some-

where in the analysed data, a pairwise comparison with either a t-test or a U-test

(depending on normal distribution) with a Bonferroni correction (cf. Abdi [2007]) ad-

justing the α level for which the p value has been reported as actually significant has

been applied.

6.2.3 Determination of Effect Size

The determination of effect sizes also depends on whether the data is normally dis-

tributed or not. It also depends on the type of data. The tests how they have been used

here are shown in Table 6.1 and ties back to Field et al. [2012].

Data Linear Data Categorial

Normal Distribution Pearson’s r Cohen’s d

No Normal Distribution Spearman’s ρ Wilcox Z

Table 6.1: Determination of Effect Sizes for Different Types of Data and Different
Distributions of Data

An alternative for linear data with no normal distribution is the non parametric test

of Kendall’s τ . According to Colwell and Gillett [1982], however, Spearman’s ρ is less

sensitive to the order of the given data, which is why it has been chosen here. It

usually reports on higher values though and should be interpreted carefully [Hauke and

Kossowski, 2011, cf.]. Effect sizes are deemed small whenever they cross a threshold of

r >= 0.1 or d >= 0.2, medium when r >= 0.3 or d >= 0.5, large, when r >= 0.5 or

d >= 0.8 and very large when r >= 0.8 or d >= 1.3 [Ellis, 2010]. Effect sizes calculated

with ρ are interpreted according to r values; although a visual inspection is used before

reporting on effects too confidently.



Results of User Study 54

6.3 Population

The user study was conducted with 43 participants in total. Of them, 21 were not

informed about the use of eye movements and 22 were. The language of these tests was

mostly German (83.72%), but seven tests were conducted in English. The age of test

participants ranged from 14 to 46 (mean: 27.63, median: 26). With two participants not

disclosing their gender identity, 17 of the test participants identified as female and 24 of

them identified as male. Most of them worked or studied in the field of computer science

(27), however four participants came from social studies, another four from humanities

and eight came from other disciplines (such as design or architecture) (see for more

detail Table B.9).

All of the test participants were familiar with digital games, albeit with different levels

of competence (ranging in [0, .., 10] with mean: 4.94 and median: 4) and regularity

in interacting with them (17 less than once a month). Furthermore, they all knew of

Tetris, albeit two of them only as a pop-cultural reference; they had never played

the game themselves. The actual Tetris expertise measured as lines made
minutes ranged in

[1.45..19.07] (mean: 9.13, median: 8.39). The values for self-reported values on Tetris

expertise range in [0, .., 10] (mean: 5.51, median: 5) (see for more detail Table B.10).

Addendum to competence:

While the data of the self reported Tetris is not normally distributed according

to the Shapiro-Wilk test (W = 0.93, p < 0.05), a Q-Q plot on a normal distribu-

tion shows a fairly linear tendency. Since the actual skills measured as lines made
minutes is

normally distributed (Shapiro-Wilk W = 0.98, p = 0.48), a t-test on the normalised

reveals that they are significantly different (t = 2.40, df = 83.78, p < 0.05) and do

correlate negatively with a small effect size (r = −0.22). This shows how the self-

reported measure is less meaningful in this context than the objectively measured

Tetris skills and also, that both measurements do not measure the same thing. This

follows the effects reported by Kruger and Dunning [1999] (see also Figure 6.2).

The test participants also exhibited different levels of competence with regards to their

mental rotation skills. The results of the redrawn Vandenberg-Kuse test ranged in

[3, .., 22] (mean: 12.19, median: 12) (individual values can be found in Table B.9), a

maximum score of 24 was technically possible to achieve. Test participants were given

three minutes to solve twelve items of the test. A point was only awarded, if both

rotation alternatives were identified correctly.
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Figure 6.2: Reestablishment on the Dunning-Kruger Effect on Self-Assessed Tetris
Expertise vs. Play Performance in Skill Test

6.4 Results According to Hypotheses

The research hypotheses as described in Chapter 3 and operationalised in Section 5.4

have been reformed into statistical hypotheses including formulated null-hypotheses in

order to later be able to provide a meaningful interpretation of the results of the user

study. Results are, hence, first presented according to the established hypotheses.

In the analysis, N refers to non-framed participants and F refers to framed participants,

C refers to conventionally adapted games and E refers to games with eye movement

based adaptation. When numbers for any categories are given, they refer to the means

for this category.

6.4.1 Performance Based Hypotheses

The score in these hypotheses refers to a calculation that considers how many lines are

made at the same time. This score increases exponentially. If a player clears one line,

they receive one point; if they clear two, they receive three points; if they clear three,

they receive six points and if they clear four lines, they receive ten points.
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6.4.1.1 Framed vs. Non-Framed Players

H-P10: There are no significant differences in performance measures between framed

players.

H-P1SH: Framed players finish a game with more cleared lines than non framed players

(1). This coincides with a higher score (2), a higher mean for speed at the end (3) and

on average a higher class of algorithms when the game ends (4).

While the two categories produce differences in the number of cleared lines, this difference

is not statistically significant (p = 0.389) (see Table B.11). However, the means of the

non-framed players are actually a bit higher than those of framed players (N = 14.36,

F = 12.88). The scores follow this trend (N = 18.11, F = 16.57, p = 0.520, see

Table B.12) as does the measure of speed at the end (N = 473.1ms, F = 498.5ms,

p = 0.354, see Table B.13) and algorithms (N = 1.57, F = 1.51, p = 0.617, see

Table B.14). This leads to a rejection of H-P1 and H-P10 has to be favoured.

6.4.1.2 Type of Adaptation

H-P20: There are no significant differences in performance measures between eye move-

ment based adaptation and conventional adaptation.

H-P2SH: The mean of the number of lines cleared of eye movement based adapted

games is higher than that of conventionally adapted games (1). This coincides with a

higher score (2), a higher mean for speed at the end (3) and on average a higher class

of algorithms when the game ends (4).

While there is no significant difference between the types of adaption concerning lines

made (C = 13.66, E = 13.65, p = 0.86, see Table B.15 or scores (C = 17.69, E =

16.95, p = 0.94, see Table B.16), in both cases the values for games with eye movement

based adaptation were closer to a normal distribution. For speed, eye movement based

games showed a normal distribution, while conventionally adapted games did not (see

Table B.17). However, conventionally adapted games ended significantly faster than

games with eye movement based adaptation with a very strong effect (C = 385.7ms,E =

586.5ms, p < 0.001, d = 1.971, see also Table B.17 and Figure 6.3a). This is the exact

opposite of H-P2SH(3). For algorithms, the hypothesis holds with a medium effect

(C = 1.37, E = 1.71, p < 0.01, d = 0.622, see also Table B.18 and Figure 6.3b). This

means, H-P2SH is only likely (4). However, H-P20 has to be rejected as well. For point

(3), an inverse hypothesis is likely.
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(a) Speed Differences (b) Algorithm Differences

Figure 6.3: Effect of Type of Adaptation on Speed and Algorithms. Significance is
denoted as ∗∗ → p < 0.01, ∗ ∗ ∗ → p < 0.001.

6.4.1.3 Effect of Framing on Conventionally Adapted Games

H-P30: There is no significant difference according to framing in conventionally adapted

games.

H-P3SH: The mean of the number of lines cleared of framed players is higher than

that of non-framed players even if they play a conventionally adapted game (1). This

coincides with a higher score (2), a higher mean for speed at the end (3) and on average

a higher class of algorithms when the game ends (4).

Non framed players actually performed better measured in lines made and scores than

framed players on average when playing conventionally adapted games (lines made:

N = 15.88, F = 11.55, scores: N = 20.43, F = 15.07), however, the differences were not

significant (lines made: p = 0.132, scores: p = 0.229). As can be seen in Tables B.19

and B.20, the performance of framed players was closer distributed to a normal dis-

tribution than the performance of non-framed players. For speed (N = 396.7ms,F =

375.3ms, p = 0.081, Table B.21) and algorithms (N = 1.43, F = 1.32, p = 0.798, Ta-

ble B.22) the results are similar. Hence the null hypothesis for H-P3 has to be accepted.

Although not being part of any hypothesis, the comparison has been done for games

with eye movement based adaptation as well. However, the results are reverse there

with framed players performing better than non-framed players, albeit again, without

significant differences. The values for framed players for lines made and scores are

normally distributed whereas those for non-framed players are not (see also Table B.23).
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6.4.1.4 Effect of Type of Game on Framed Players

H-P40: There is no significant difference according to the type of game for framed

players.

H-P4SH: The mean of the number of lines cleared of framed players is higher in games

with eye movement based adaptation compared to conventionally adapted games (1).

This coincides with a higher score (2), a higher mean for speed at the end (3) and on

average a higher class of algorithms when the game ends (4).

By inverting the point of view of H-P3 and seeing how the type of game affects framed

and – even though not covered by the hypothesis – non-framed players, it shows, that the

speed at the end is significantly different for non-framed (C = 373ms,E = 564ms,W =

70, p < 0.001, Z = 3.79, r = 0.09) and framed players (C = 369ms,E = 589ms,W =

4, p < 0.001, r = 0.13) alike. For framed players even the algorithm at the end of the

game is significantly different (C = 1.32, E = 1.71,W = 159, p = 0.041), however,

after a Bonferroni correction, the significance level has to be lowered to α = 0.025

in order to be a reliable measure. With a p = 0.040, the difference between algo-

rithms cannot be reported as significant anymore. Lines made and scores were not

significantly for framed players (lines: C = 11.55, E = 14.2,W = 205.5, p = 0.398,

scores: C = 15.07, E = 18.07,W = 209, p = 0.445) or non-framed players (lines made:

C = 15.88, E = 13.07,W = 255, p = 0.392, scores: C = 20.43, E = 15.79,W =

254.4, p = 0.399). Following this, H-P4SH(3) can be accepted albeit inversely. How-

ever, for all other aspects, H-P40 is more likely.

6.4.1.5 Framing and Player Improvement

H-P50: There is no significant difference between the differences in performance of types

of game according to framing category.

H-P5SH: The difference between the means of the number of lines cleared according

to type of adaptation of a game of framed players is smaller than the difference for

non-framed players when playing a game with eye movement based adaptation (1).

Same accounts for the difference in the scores (2), the means for speed (3) and class of

algorithm when the game ends (4).

The differences in performance are as expected for lines made (F = 6.84, N = 10.43, p =

0.593, see also Table B.24) and scores (F = 9.00, N = 13.93, p = 0.527, see also Ta-

ble B.25), albeit not significantly different according to framing categories. An inverse

trend occurs with speed (F = 251.5, N = 164.1, p < 0.05, see also Table B.26), but the
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significance does not hold after a Bonferroni correction. Furthermore, the differences

for algorithms are not significant (F = 0.61, N = 0.57, p = 0.940, see also Table B.27).

Hence, H-P50 is more likely to be true than H-P5SH.

6.4.1.6 Summary

Table 6.2 shows all performance based hypotheses and what the data reveals about their

likelihood. All in all, algorithms are only different for different types of games and speed

is significant in the opposite direction than expected according to type of adaptation

and especially again for framed players.

Hypothesis Result

H-P1SH

H-P2SH (4) and inverse (3)

H-P3SH

H-P4SH inverse(3)

H-P5SH

Table 6.2: Summary of Performance Based Hypotheses

6.4.2 Gameplay Experience Based Hypotheses

Gameplay experience was measured using the Game Experience Questionnaire (GEQ)

developed mainly by [IJsselsteijn et al., 2013]. When a hypothesis refers to desired expe-

riences, this means high values in the aspects of Flow, Challenge, Competence, Immersion

and Positive Affect combined with low values in the aspects of Tension/Annoyance and

Negative Affect in the In-Game as well as Core modules of the GEQ and high values

in the aspect of Positive Experience combined with low values in the aspect of Negative

Experience in the Post-Game module of the GEQ. The higher the difference between

values for positive and negative aspects, the more desired the experience. The aspects

of Tiredness and Returning to Reality in the Post-Game module of the GEQ are not

covered by the following hypotheses, but recorded regardless for future analysis.
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6.4.2.1 Effect of Framing

H-U10: The differences in reported GEQ values are not significant according to framing.

H-U1SH: Framed players report a more desired gameplay experience than non-framed

players.

For the results reported here, the Core element of the GEQ as well as its Post-Game

module are relevant. However, as Table B.28 shows, none of the reported values were

significant. The only value coming close is challenge (F = 2.6, N = 2.22, p = 0.074) so

there might be an inverse trend. For now H-U10 has to be accepted.

6.4.2.2 Effect of Type of Adaptation

H-U20: There are no significant differences in reported GEQ values according to type

of adaptation.

H-U2SH: Players of a game adapted on eye movements report a more desired gameplay

experience than those playing a conventionally adapted game.

For the results reported here, the In-Game module of the GEQ was relevant as an

inter categorical measure between individual games. Table B.29 shows that none of the

reported were significant. This indicates no significant effect of the type of adaption on

the gameplay experience of players. H-U20 is more likely to be accepted.

6.4.2.3 Effect of Framing on Conventionally Adapted Games

H-U30: There are no significant effects for conventionally adapted games between

framed and non-framed players.

H-U3SH: Framed players report a more desired gameplay experience than non-framed

players, even if they play a conventionally adapted game.

According to Table B.30 there is only one significant difference in the reported GEQ-

values between framed players and non-framed players playing conventionally adapted

games and that is the one for challenge with a medium to strong effect (F = 3.38, N =

2.77, p < 0.05, d = 0.718, see also Figure 6.4). This means, framed players experienced a

higher challenge in their game than non framed players even if playing a conventionally

adapted game. For games with eye movement based adaptation, framing had no signif-

icant influence (F = 3.17, N = 2.77, p = 0.151). All in all, H-U3SH is likely only for the

value of challenge.
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Figure 6.4: Challenge for Framed Players in Conventionally Adapted Games. Signif-
icance is denoted as ∗ → p < 0.05.

6.4.2.4 Effect of Type of Game on Framed Players

H-U40: There is no significant difference in reported gameplay experience for framed

players according to type of adaptation.

H-U4SH: Framed players report a more desired gameplay experience when playing

games with eye movement based adaptation than in games with conventional adaptation.

While the type of adaptation doesn’t influence framed players in most of the categories

inquired by the GEQ In-Game module (see Table B.31), their perceived competence

does change significantly with a medium effect (C = 2.06, E = 2.55, p < 0.05, d = 0.669).

When they play a game with eye movement based adaptation, they report having more

competence than in conventionally adapted games. Hence, H-U4SH can be tentatively

accepted, but only for the aspect of competence.

6.4.2.5 Framing and Difference in Reported Experience

H-U50: There is no significant difference between the deltas of values of gameplay

experience for type of adaptation of framed and non-framed players.

H-U5SH: The difference between reported positive values on gameplay experience ac-

cording to type of adaptation of a game of framed players is smaller than the difference

of reported positive values on gameplay experience of non-framed players when playing

a game with eye movement based adaptation.
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Table B.32 shows that there are no significant differences between the deltas of reported

values for gameplay experience on any aspect the GEQ in-game module tests for. This

means, H-U50 has to be accepted.

6.4.2.6 Summary

Table 6.3 presents a summary of gameplay experienced hypotheses. Only in very distinct

circumstances, framing or type of adaptation partly influence this experience.

Hypothesis Result

H-U1SH

H-U2SH

H-U3SH for challenge

H-U4SH for competence

H-U5SH

Table 6.3: Summary of Gameplay Experience Based Hypotheses

6.4.3 Expertise Based Hypotheses

When a hypothesis refers to a distinct fixation, it refers to all fixations which are not of

the type OOI-Fixation as defined in Section 4.3.2.2.

Epistemic actions are defined after Kirsh and Maglio [1992] as amount of rotations

over the bare minimum to see the tetromino in every possible position and as amount

of superfluous translations from and to the border. While Lindstedt and Gray [2013]

pointed out, that such actions could also mean a change of strategy, this issue has been

ignored, since it is very likely that the change in strategy is related to the translations

in that it has been discovered by it. Hence, the change of strategy then results from an

epistemic action.

Due to the fact that data loss occurred in the log files implemented by the internal

framework, the log files supplied by the Eyelink II have been used for eye movement

analysis instead.
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6.4.3.1 Effect of Framing

H-E10: There are no significant differences according to framing for the measured eye

movements or epistemic actions.

H-E1SH: The mean of the number of fixations over all games is lower for framed players

than non framed players. This coincides with over all longer fixations, a higher percent-

age of horizontal eye movements, larger saccadic amplitudes and a higher mean of the

ratio of epistemic actions over all actions.

Table B.33 shows that the expertise based measures show no statistically significant

differences for any of them. This means, H-E10 has to be accepted.

6.4.3.2 Effect of Type of Adaptation

H-E20: There are no significant differences for any of the recorded eye movements or

epistemic actions depending on the type of game adaptation.

H-E2SH: The mean of the number of fixations is lower for players of games with eye

movement based adaptation compared to conventionally adapted games. This coincides

with over all longer fixations, a higher percentage of horizontal eye movements, larger

saccadic amplitudes and a higher mean of the ratio of epistemic actions over all actions.

The type of adaptation yields no significant differences between performance measures

as calculated for this hypotheses as can be seen in Table B.34. Accordingly, H-E20 holds

with a higher likelihood.

6.4.3.3 Effect of Framing in Conventionally Adapted Games

H-E30: Framing has no significant effect on players’ eye movements and epistemic

actions when they play conventionally adapted games.

H-E3SH: The mean of the number of fixations is lower while the number of OOI-

Fixations is lower for framed players than non-framed players, even if they play a

conventionally adapted game. This coincides with over all longer fixations, a higher

percentage of horizontal eye movements, larger saccadic amplitudes and a higher mean

of the ratio of epistemic actions over all actions.

Since OOI-Fixations were used as an input-variable to adaptation for EMtris, it can

only be used as an analytical tool for conventionally adapted games. It is also the only

measure which shows significant differences according to the framing category when
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Figure 6.5: OOI-Fixations for Framed Players in Conventionally Adapted Games.
Significance is denoted as ∗ → p < 0.05.

compared within conventionally adapted games with a medium to strong effect (F :

535.8, N : 738.5, p < 0.05, d = 0.78, see also Figure 6.5 and Table B.35). This means,

players had less fixations outside of the focus regions within a game when they were

framed. H-E3SH can only be accepted with higher confidence for OOI-Fixations.

6.4.3.4 Effect of Type of Adaptation on Framed Players

H-E40: The type of adaption has no significant effect on framed players’ eye movements

and epistemic actions.

H-E4SH: The mean of the number of fixations is lower for framed players playing a game

adapted on eye movements compared to a conventionally adapted game. This coincides

with over all longer fixations, a higher percentage of horizontal eye movements, larger

saccadic amplitudes and a higher mean of the ratio of epistemic actions over all actions.

According to Table B.36, the type of adaptation did not yield significantly differences

for framed players. Thus, H-E40 is accepted with higher confidence.

6.4.3.5 Player Improvement

H-E50: Framing has no significant effect on the difference between eye movements or

epistemic actions between the type of adaptation.

H-E5SH: The difference between the mean of the number of fixations, fixation duration,

the ratio of horizontal eye movements, saccadic amplitudes and the ratio of epistemic



Results of User Study 65

actions according to type of adaptation of a game is less for framed players than non-

framed players when playing a game with eye movement based adaptation.

This investigation also let to no significant findings (see Table B.37). H-E50 is more

likely.

6.4.3.6 Summary

Table 6.4 summarises the findings for expertise based hypotheses. Only the measure

of focus of fixations with the number of OOI-fixations yields significant differences for

framed players playing conventionally adapted games.

Hypothesis Result

H-E1SH

H-E2SH

H-E3SH for OOI-fixations

H-E4SH

H-E5SH

Table 6.4: Summary of Expertise Based Hypotheses

6.4.4 Intersectional Hypotheses

Intersectional hypotheses were analysed in order to examine mutual impacts of the

measured variables.

6.4.4.1 Effect of Cleared Lines on Gameplay Experience

H-I10: There is hardly any effect between the number of cleared values and reported

gameplay experience.
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H-I1SH: There is a strong effect between the number of cleared lines and high values

for a desired gameplay experience.

(a) (b)

(c) (d)

Figure 6.6: Correlations of Lines Made on GEQ Values. Only for values, for which
the correlation was r, ρ > 0.1

Table B.38 and Figure 6.6 show the correlations between lines made and GEQ values.

Flow (r = 0.230), competence (r = 0.171), negative(ρ = 0.208) and post negative(ρ =

0.106) are the only values where the correlation is notable, but weak. Visual inspection

shows, that potential effects are rather small. Following this, H-I10 can be accepted with

low confidence.
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6.4.4.2 Effect of Cleared Lines on Eye Movements and Epistemic Actions

H-I20: There is hardly any effect between the number of cleared lines and a player’s

eye movements and epistemic actions.

H-I2SH: There is a strong effect between the number of cleared lines and the number

of fixations, the ratio of meaningful fixations, the ratio of horizontal eye movements,

saccadic amplitudes and epistemic actions over all actions.

(a) (b)

(c) (d)

Figure 6.7: Correlations of Lines Made and Expertise Measures. Only for values, for
which the correlation was r, ρ > 0.1

When there is an effect, it is again only due to a weak correlation (see Table B.39 and

Figure 6.7). Since the number of OOI-fixations (r = 0.258) is the only expertise related
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measure that yielded any significant results, it is especially interesting to this work.

However, no medium or strong correlations can be found, so H-I20 can be accepted.

6.4.4.3 Correlation between Eye Movements/Epistemic Actions and GEQ

Values

H-I30: There is hardly any correlation between GEQ values and a player’s eye move-

ments or epistemic actions.

H-I3SH: There is a strong effect between high values for a desired gameplay experience

and the number of fixations, the ratio of meaningful fixations, the ratio of horizontal eye

movements, saccadic amplitudes and the ratio of epistemic actions over all actions.

(a) (b)

Figure 6.8: Correlations of GEQ Values and Expertise Measures. Only for values, for
which the correlation was ρ > 0.3

Only small correlations can be established between GEQ values and a player’s eye move-

ments or their epistemic actions (see also Figure 6.8 and Table B.40). Hence, those can

be seen as fairly independent values and H-I30 holds.



Results of User Study 69

6.4.4.4 Summary

Table 6.5 shows how all intersectional hypotheses have to be rejected with the data

produced by the conducted study.

Hypothesis Result

H-I1SH

H-I2SH

H-I3SH

Table 6.5: Summary of Intersectional Hypotheses



Chapter 7

Discussion

This chapter first discusses interpretations of results according to the hypotheses in

Section 7.1. In order to understand the results in a well rounded matter, they also

have to be tested against other side effects such as age and language (Section 7.2). In

Section 7.3 there is a take on what the results and their interpretation essentially mean

when taken together and how they relate to the previously formulated expectations.

7.1 Interpretation According to Hypotheses

For the interpretation following the previously established hypotheses (see Chapter 3),

the grouping is not according to measured variables but according to axes of analysis.

This might yield a better understanding of how certain measures contribute to certain

differences.

7.1.1 Framing

None of the framing related hypotheses show any significant effect. Neither H-P1 nor

H-U1 or H-E1 lead to any significant differences between framed or non framed players.

This means, that – on a global scale – simple framing does not have an influence on

players by itself, although this is different when only looking at conventionally adapted

games (see Section 7.1.3).

7.1.2 Use of Eye Movement Based Adaptation

While there was no effect of eye movement based adaptation on players’ gameplay expe-

rience as established by the GEQ (H-U2) or their eye movements and epistemic actions

70
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(H-E2), there are significant differences with strong and medium effect sizes for the

speed and algorithms at the end of eye movement based adaptation. This means, that

difficulty is formed differently for the two types of games and that the adaptation actu-

ally is different. In consequence, it can be stated that eye movement based adaptation

is distinctly different than conventional adaptation – at least in this setup. While in

conventionally adapted games, players got to a faster game albeit with an easier algo-

rithm, players played games with a harder algorithm slower when they played games

with eye movement based adaptation. Essentially, in games with eye movement based

adaptation, the cognitive difficulty in terms of choosing block algorithm was higher, but

the physical difficulty in terms of speed lower than in conventionally adapted games.

This gives an indication towards the effects of eye movement based adaptation for fu-

ture game designs. If a designer intends to make a game harder on a cognitive level,

they can employ eye movement based adaptation in the fashion it has been done here

(according to expertise). If they want it to be physically easier, they can adapt to the

state of nervousness a player has.

It is also notable, that the performance measures of lines made and score were following a

more normal distribution, which means, that eye movement based games might be easier

and steadier to learn with no large gaps in between performances. This also would result

in a more comparable performance, which might be desirable for comparative high score

measures to keep players going and feel enabled to climb the high score ladder step by

step. Since multiple test persons voiced the question for a high score, this can add to

the effect of games with eye movement based adaptation, but should not be overstated

as a fact. For educational games or educational software, this could prove to be a more

directly relevant question and should, hence, be tested separately.

7.1.3 Framing in Conventionally Adapted Games

There was no significant difference in performance metrics (H-P3) for framed and non-

framed players of conventionally adapted games. However, framed players felt more

challenged than non-framed players (H-U3). This means, that framing does have an

effect on the gameplay experience, albeit only in a limited way. While the actual chal-

lenged posed to the players did not differ, their perceived challenge did. This framing

effect does not repeat for games with eye movement based adaptation. Hence, when a

game is presented as more sophisticated, players might be influenced to expect a larger

challenge even if it isn’t there, but feel equally challenged when it is actually presented.

There was also a significant difference between Out-of-Interest Fixations for framed and

non framed players in conventionally adapted games (H-E3). Since this is an input
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variable adapting in games with eye movement based adaptation, this value has only

been taken for analysis in this specific setting. This means, that framed players show

more Tetris expert behaviour as defined by Jermann et al. [2010] in EMtris than in

NEMtris.

Since the two variables are independent, they appear in the same situation, but are not

related. This means, that a higher perceived challenge does not automatically lead to

an expert viewing strategy; however, eye movement based adaptation does.

7.1.4 Adapting Games for Framed Players

Framed players played significantly faster in conventionally adapted games than in games

with eye movement based adaptation (H-P4). This is a repetition of what we have

seen in Section 7.1.2. However, the difficulty of algorithms is not significantly different

between the games for framed players. This shows again how framing does have a

smaller influence on a player in general than the actual difference between NEMtris

and EMtris.

Another significant difference for the game type for framed players is competence as

measured by the GEQ (H-U4). Framed players felt more competent in games with

eye movement based adaptation than in conventionally adapted games. This might be

because the game behaved more accordingly to their expectations and gave them the

feeling that they were better prepared for it. Since the difference does not hold for

non-framed players, this is a unique aspect for framed players.

A player’s eye movements and their epistemic actions are not affected either way for

framed players when they play differently adapted games (H-E4).

7.1.5 Framing and Adaptation Differences

The differences (or improvements) between games were not significant between framed

and non-framed players for any of the recorded measures be it for performance (H-P5),

gameplay experience (H-U5) or expert behaviour (H-E5). Considering the previous

results, this is not unexpected. It again shows the limited general effect of framing on

games.



Discussion 73

7.1.6 Intersectional Influences

There were only small correlations between the values, which means, that they can be

seen as independent measures. This demonstrates the validity of recording the variety

of measures as has been done in this user study.

7.2 Side Effects

As stated in Section 5.2.1, external effects which have no hypotheses attached have to

be investigated as well in order to report on a well-rounded basis. This section, hence,

looks at several categories and assesses their influence on performance, user experience

and eye movements respectively.

7.2.1 Gender

As Table B.41 shows, no significant influence of gender is given on the performance mea-

sures. Note, that for this calculation, only those participants who identified themselves

on a binary gender schematic, were considered. This result is contrary to the findings

of Okagaki and Frensch [1994]. This can either mean that adaptation in (N)EMtris

leads to mitigation of gender effects or that they were not there in the first place.

Similarly, gender did not play a role in how players experienced (N)EMtris as can be

seen in Table B.42. The same accounts for eye movements and epistemic actions (see

Table B.43). According to these results, gender is an irrelevant category.

As an addendum: There was also no significant difference in the mental rotation per-

formance according to gender (f = 10.76,m = 12.75, p = 0.166) contrary to a variety of

published research (amongst others: Collins and Kimura [1997] or Parsons et al. [2004]

(for paper-based tests)).

7.2.2 Age

Correlations for age and any performance variables were only with a small effect indicat-

ing trends (see Table B.44). The same is the case for expert behaviour (see Table B.46)

with the exception of horizontal eye movements (ρ = 0.390).

For the GEQ results, Table B.45 indicates how there are several correlations of medium

strength for flow (ρ = −0.365), challenge (ρ = −0.318) and tension (ρ = −0.340).

Since they are not significantly different to each other according to framing categories
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(F = 27.68, N = 27.57, p = 0.328), the previous findings for challenge in conventionally

adapted games are still valid.

7.2.3 Language

There were only seven test participants for whom the whole test setup was performed in

English. All others have been conducted in German. The sample sizes are hence, rather

different.

No statistically significant differences according to language have been found for perfor-

mance measures (see Table B.47) or for any relevant aspects of the GEQ (see Table B.48).

This shows, that the questionnaires were roughly equivalent. We decided against calcu-

lating Cronbach’s [cf. Cronbach, 1951], because there was only a small amount of items

per dimension available through the GEQ. Validation via internal consistency is hardly

ever applicable with such small categories.

In expertise based measures, the difference between the language category was signifi-

cant, albeit with a very small effect size (U = 52, p < 0.05, Z = 2.43, r = 0.057), which

makes this finding irrelevant. Also no significant reports have been made with this

measure in the main hypotheses.

7.2.4 Mental Rotation

Mental rotation skills only showed weak correlations with the measured variables for

performance (see Table B.50), gameplay experience (see Table B.51) or expert behaviour

in the form of eye movements or epistemic actions (see Table B.52). The strongest

relationship exists for the perceived challenge (r = 0.219) and OOI-fixations (r = 0.218),

however those are still rather week (see also Figure 7.1).

While the correlation of perceived challenge can only be interpreted speculatively, it

does make sense, that players with high mental rotation skills also know where to look

at in Tetris. Since the differences in mental rotation according to framing are not

significant (F : 12.05, N : 12.33, p = 0.836), the effect reported for H − E3 still holds.

7.2.5 Tetris expertise

Due to the Dunning-Kruger effect discussed in Section 6.3, the self reported values and

the values established via Pytris have to be analysed separately.
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(a) (b)

Figure 7.1: Correlations for Mental Rotations and Challenge/OOI Fixations.

7.2.5.1 Self Reported

Since the correlations between self reported values and performance values (see Ta-

ble B.53), gameplay experience (see Table B.54) or expert behaviour as measured here

(see Table B.55) are all very weak, it can be negated. The Dunning-Kruger effect also

repeats with a small effect on actual performance.

7.2.5.2 Established by Pytris

The medium correlation between expertise as established by Pytris and actual perfor-

mance measures (see Table B.56) shows in hindsight, how important it was, to have an

objective measure for experience. In this case, the data validates the approach. Since

there is no strong effect between performance in (N)EMtris and performance in classi-

cal Tetris, this can also be taken as a mild proof of concept for (N)EMtris as a game,

mitigating effects of previous expertise, in that the challenge is adapted.

Since the perceived challenge does not correlate with previous expertise (see Table B.57),

these two measures appear to be independent. However, it is important to point out,

that more experienced players felt less flow and more negative (also afterwards) about

the gameplay experience, but again only with small effects.

Taking a look at the expert behaviour (see Table B.58), it is striking, that OOI-fixations

and previous expertise correlate on a medium level but negatively. However, lines made

and OOI-fixations also correlate with ρ = 0.258.
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Since expertise does not significantly differ between the framing categories (p = 0.380),

it can be expected that its effect are distributed equally along them.

7.2.6 Summary

All in all, the side effects play only a small role for the research presented here. While

gender and language categories had absolutely no influence, age and mental rotation had

occasional weak correlations. However, both attributes are distributed over the between-

subject category of framing in such a way, that there are no significant differences for

either statistical attribute between the framing categories. The same accounts for exper-

tise – at least as established by Pytris. For self reported expertise, the Dunning-Kruger

effect emerges again.

7.3 Expected vs. Actual Results

While many of the hypotheses have to be rejected after an investigation into the data,

the discussion showed insights beyond the hypotheses. It can be said, that framing does

shape the gameplay experience in terms of challenge when conventionally adapted games

are played. The subjective interpretation of the challenge a game provides can, hence,

be different when certain attributes of a game are only implied and not actually at hand.

This means, that future research should carefully test for framing effects when it deals

with games or technological enhancement. Framing also has an effect on eye movements

in that there were significantly less OOI-fixations for framed players than those who did

not know about eye movement based adaptation. The reason for this is unclear and

could be investigated further. Maybe an insight into how concentrated the players were

in their game in connection with expert eye movements could help shed some light onto

this matter.

Furthermore, it has also been established, that eye movement based adaptation is dif-

ferent from conventional adaptation – at least in how it has been done here. It could

have been, that there was no significant difference at all between the games, but that

speed and algorithm at the end differ according to type of adaptation shows, that this is

not the case. Even if there were not many differences along the dimensions of the GEQ,

framed players also felt more competent when playing games with eye movement based

adaptation compared to the conventionally adapted versions.

All in all, although few of the aspects investigated here yielded significant differences,

those which did, did so with large effect sizes. This means, they should be taken seriously

for future game development and further research.
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Conclusion

This work concludes with the presentation of the real life usefulness of research for games,

educational software and adaptive applications in Section 8.1. More general ramifications

about the possibilities of generalisation of the steps taken here to designing a game with

psychophysical adaptation are presented in Section 8.2. As with any research, the work

here is not exhaustive and hopefully opens up further productive questions (Section 8.3).

Some of the limitations and more direct open questions are shown in Section 8.4. Finally,

a summary (Section 8.5) reiterates the goals and results of this thesis and where its core

contributions lie.

8.1 Application of Research

The implications of the results as discussed in Chapter 7 lead to the unsurprising conclu-

sion, that the actual implementation of eye movement based adaptation in games might

have more of an effect on players than simply framing them. These results can be used

in hands-on software development of games and adaptive software, in general.

First of all, however, it has been shown that eye movement based adaptation can be

brought outside of the lab setting as well. As Johansen et al. [2011] shows, low-cost eye

trackers become usable in many settings where eye tracking is needed. With eye trackers

becoming smaller, more efficient and less costly, it appears to be viable to look into

their possible use within at home settings within an entertainment context or otherwise.

The Eye Tribe1 was the first low-cost eye tracker commercially available. While its

temporal resolution is very low (either 30 Hz or 60 Hz), its accuracy (between 0.5-1◦)

is acceptable for most use cases in usability testing. While it was not used within the

1See https://theeyetribe.com/
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work presented here, it shows how development in this technological area is very active

and can lead to applications with eye movement based adaptivity.

For game development we were able to establish, that eye movement based adaptation

as implemented here added to cognitive difficulty while simultaneously lowering the

physical difficulty. While this has to be verified further, it was also dependent on the

type of adaptation. Since algorithms were adapted to an expertise indicator and speed

was adapted to an emotional indicator, game developers can take this knowledge and

apply it to active game design while conducting playtesting sessions in order to verify

this for their specific game.

Developers of adaptive software in general can now use these results knowing that eye

movement based adaptation makes a difference, even if the measured time frame is

comparatively short; here it was only one tetromino episode. Eye movement based

adaptation could be used in a modular way, where it establishes a user’s needs ad hoc

whenever this is needed. With this, eye movement based adaptation can be a powerful

and flexible tool at the hands of developers.

8.2 Designing Games with Psychophysical Adaptation

With the example design of (NEM)tris as a game with psychophysical adaptation

based on eye movements, the question arises of how the process of developing games

with psychophysical adaption can be put into a schematic which others can easily follow.

Together with the previous work on eye movement based adaption in games [see Wetzel

et al., 2014], it becomes obvious, that the process of designing such games is necessarily

iterative (see also Figure 8.1). For best results, theory and data driven approaches should

complement each other. This means, that for the development of psychophysically

adapted games the following steps are recommended. The focus lies on adaption with

eye movements, general examples are given as well.

1. prototype: suitable game

A suitable game can either be created or an existing one used. It should be

checked for its suitability in terms of the employed psychophysical adaption. For

example, when using eye movements multidimensional visual features that demand

a distributed attention on at least one dimensional axis are suitable. When using

heart rate, temporal features might be more important.

2. theory: meaningful adaption

It is furthermore important to adapt in meaningful ways to the game. Therefore,
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Figure 8.1: The Iterative Scheme behind the Process of Designing Games with Psy-
chophysical Adaptation

a developer should create a theoretical model of what affects a game’s difficulty

and how these parameters can be changed.

3. data collection: verification I

In order to verify that the adaption as planned in step two actually influence

difficulty for players in the expected way developers should conduct user studies to

verify the theory. If the theory is not verified, further adjustments and potentially

studies are required in order to ensure suitable adaption mechanisms.

4. prototype: theory driven prototype

With a first prototype employing the plain game and some adaption mechanisms

outside of psychophysical measures, developers should find out, how the psy-

chophysical data is distributed for that game. This means, that exemplary data has

to be created in order to establish the suitability of the psychophysical attribute

on which to adapt.

5. theory: establish meaningful attributes

Direct or derived measures of the psychophysical data should be established in a

theory driven way.

6. data collection: verification II

In order to verify the suitability of the whole approach, user studies should be

conducted in order to verify whether the adaptive mechanisms work for the user.

Repeat the last two steps until user studies indicate that the adaption process

functions as intended.

7. prototype: data driven prototype

This version of the game can be seen as the first conceptual draft of a psychoph-

sysical game.
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8. theory: formulate hypotheses

Hypotheses about the effect of psychophysical adaptation for this game have to be

formulated.

9. data collection: user study

A user study verifies or counteracts the hypotheses and helps in further steps in

prototyping, theorising and data collection.

This work did not follow all of these steps, but with it contributed to the list by being

critically analysed. The list is also a collection of suggestions on how to learn from

previous mistakes and do it better.

8.3 Future Research

Like with any research, there are aspects which could be optimised further and new

directions that are offered up from here for new research projects.

8.3.1 Optimisation of Current Research

In the current versions of (N)EMtris, the eye data has been used only for the spans

of episodes. A new version, where adaptation according to eye movements and their

development over a game are considered together might result in a better approach in

adaptation and generally result in a better gameplay experience for players.

Furthermore, this research was focused on a quantitative data analysis. Due to expe-

riences in interaction with software in general and especially experiences with games,

a qualitative investigation into the question of how users perceive games might be ad-

ditionally required to get a more well-rounded picture of the gameplay experience in

games with eye movement adaptation.

In order to find out how the type of eye tracker (head-mounted vs. remote) might

influence the results, a future study should try to conduct this research with a high-

quality remote eye tracker. It might additionally be helpful to attempt to create a more

natural gaming environment for players than a lab setup.

8.3.2 Advancing Further

There are also new questions that arise after the presentation of this research. Those

(together with other research) open up new avenues for further research.
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With this work and the work of Wetzel et al. [2014] eye movement based adaptation has

been implemented in two different games in two different ways. Whereas here, game

mechanics have been accessed immediately and the game is meant as a solo activity,

Hex, the game Wetzel et al. [2014] used, was antagonistic in nature and the adapta-

tion mechanisms were indirectly influencing an AI game engine. The difference in eye

movements and eye movement based adaptation between antagonistic games and single

player games would be an option for further investigation according the axis of formal

development as well as the axis of gameplay experience. There might be an intrinsic

difference in eye movements for antagonistic and single player games.

One could also think about adapting to eye movements in a different way. There are

all kinds of players with different experiences and different levels of expertise out there.

There are also different levels of adaptation, one could think of Bertel [2014]. Investigat-

ing into the differences of general, individual and situational aspects of gameplay and,

hence, general, individual and situational forms of adaptation via eye movements, their

effects and the differences might produce valuable results, that give game developers

more knowledge about the tool eye movement based adaptation. Another option would

be to abstract from the live knowledge and compare it to previously acquired data about

a player.

Based on this, the question arises whether it is possible to learn and predict eye move-

ments of certain players or certain player types algorithmically. A system could ex-

trapolate from current eye movements and react more accordingly to a player’s eye

movements. This might be suitable to games, but probably even more to learning soft-

ware that would be expected to react preemptively to a user’s problems and steer them

in the desired direction. However, new issues about user direction and normalisation

arise as well and should be discussed alongside the technological research. Furthermore,

the question should be asked on whether adaptation can and should be adaptive itself.

From a managements perspective, it would be helpful, if a cost-benefit analysis of eye

movement analysis incorporated in software yields good results. For that, the benefit

of what eye movement based adaptation for example could give has to be defined first.

The costs are not only in the hardware, which becomes cheaper and cheaper anyway

(see also Section 8.1), but also in the cost of analysis, interpretation and acquisition.

For analysis and interpretation, it could be helpful to provide intuitive interfaces, that

are easily understandable for beginners in the field such as Open Eyes [Wetzel, 2014].

Finally, there is also the question into the adequacy of quantifying approaches in game

experience. After all, is it really desirable, to develop to the mean of the best game

experience? Would not that create a higher likelihood for games that aim to please

everyone and succeed to be boring for all? Game experiences are formed along several
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axes. The environment in which the gaming happens, the social level, background

music, disruptions by e.g. pets all add up to the experience in ways developers cannot

always forsee. Simply by the fact that some participants in the pre-study took their

break as scheduled, some took more and some did not take any break, it shows, that

comfort in playing might not be easily described by a quantitative user study that does

not discriminate between types and does not include any qualitative descriptions or

situated knowledge about individual cases. Research about the fluent developments of

eye movements in different game situations for different types of players might lead to

more fine-grained systems that also include potential player groups with e.g. different

viewing patterns, such as players with autism in games that include characters with

faces [cf. Pelphrey et al., 2002].

8.4 Limitations and Open Questions

To generalise from these results is hard, since every study has its limitations which are

bound to the environment it has been conducted in and – especially within usability

research – the exemplary objects used for the study. Scalability and validity is given

not in the rigorous way mathematics does, but in an exploratory way, where different

options are tested continuously.

Introducing a different form of eye movement based adaptation offers a new way of tech-

nological advance, that has not been done in this way before. As such, game designers

have a new form of adaptation at their hand and maybe feel inspired to try out new ways

for adapting to eye movements. The actual effects on performance might not change;

however, the fun of games is not always connected to performance.

The approach taken here was one option out of many. The game has been directly

adapted in its only core mechanisms. Partway adaptations or passive eye movement

based interaction in more complex visuo-spatial games have yet to be developed and

discovered. The same accounts for collaborative settings in which players are supposed to

play together. They might produce different eye movements depending on circumstances

such as group size and purely cooperative vs. group against group settings.

8.5 Summary

This work initially set out to ask the question: What has a larger effect on the perfor-

mance, gameplay experience and expert behaviour of players – Framing the game in a

way that suggests the use of eye movement based adaptation or actually implementing
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this type of adaptation? To answer this question, two versions of adaptive Tetris have

been implemented: NEMtris, which only uses game state based adaptation mechanisms

and EMtris, which additionally uses eye movements for the adaptive calculations.

In a mixed-method study, players tested the different adaptation types in a within-

subject setting whereas their framing was conducted between subjects. This means,

that every player played both types of games, but under different pretenses.

Results show, that the two versions of (N)EMtris create significantly different games.

Eye movement based adaptation increased the cognitive level of difficulty by adapting to

expert behaviour and decreased the physical level of difficulty by adapting to the efficacy

of visual inspection. Framed players have different experiences in that they feel more

challenged when playing conventionally adapted games compared to non-framed players;

they also exhibit more expert behaviour in their eye movements than non-framed players.

Framed players also report on a different level of perceived competence in games with

eye movement based adaptation compared to conventionally adapted games.

This means that both the type of game adaptation and the framing individually con-

tribute to different aspects of gameplay experience. Developers should consider both

effects carefully when including eye movement based adaptation in their games.
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Eduardo H Calvillo-Gámez, Paul Cairns, and Anna L Cox. Assessing the Core

Elements of the Gaming Experience. In Evaluating User Experience in Games,

pages 47–71. Springer, 2010.

Darryl Charles, A Kerr, M McNeill, M McAlister, M Black, J Kcklich, A Moore, and

K Stringer. Player-Centred Game Design: Player Modelling and Adaptive Digital

Games. In Proceedings of the Digital Games Research Conference, volume 285.

Citeseer, 2005.

BD Chaurasia and BBL Mathur. Eyedness. Cells Tissues Organs, 96(2):301–305, 1976.

David W Collins and Doreen Kimura. A Large Sex Difference on a Two-Dimensional

Mental Rotation Task. Behavioral Neuroscience, 111(4):845, 1997.

DJ Colwell and JR Gillett. 66.49 Spearman versus Kendall. The Mathematical

Gazette, pages 307–309, 1982.

Laura Cowen, Linden Js Ball, and Judy Delin. An Eye Movement Analysis of Web

Page Usability. In People and Computers XVI-Memorable Yet Invisible, pages

317–335. Springer, 2002.

Lee J Cronbach. Coefficient Alpha and the Internal Structure of Tests. Psychometrika,

16(3):297–334, 1951.



Bibliography 86

Mihaly Csikszentmihalyi. Flow: The Psychology of Optimal Experience, volume 41.

HarperPerennial New York, 1991.

Erik D Demaine, Susan Hohenberger, and David Liben-Nowell. Tetris is Hard, Even to

Approximate. In Computing and Combinatorics, pages 351–363. Springer, 2003.

Marc Destefano, John K. Lindstedt, and Wayne D. Gray. Use of Complementary

Actions Decreases with Expertise. In Proceedings of the 33rd Annual Conference of

the Cognitive Science Society. Austin, TX: Cognitive Science Society, pages

2709–2014, 2011.

Sebastian Deterding. Wohnzimmerkriege. Vom Brettspiel zum Computerspiel.

Strategie spielen. Medialität, Geschichte und Politik des Strategiespiels. Münster:

Lit-Verlag, pages 87–113, 2008.

Sebastian Deterding, Dan Dixon, Rilla Khaled, and Lennart Nacke. From Game

Design Elements to Gamefulness: Defining Gamification. In Proceedings of the 15th

International Academic MindTrek Conference: Envisioning Future Media

Environments, pages 9–15. ACM, 2011.

A.T. Duchowski. Eye Tracking Methodology: Theory and Practice. Springer, 2003.

Paul D Ellis. The Essential Guide to Effect Sizes: Statistical Power, Meta-Analysis,

and the Interpretation of Research Results. Cambridge University Press, 2010.
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Volker Pantenburg and Stefanie Schlüter. Zehn Anmerkungen zur Filmbildung. In

FilmBildung, pages 46–49. Schüren, Marburg, 2014.
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Appendix A

Questionnaires and Test Material

A.1 Pre-Test Questionnaire

Note: This questionnaire is only available in German, since all test participants were

fluent German speakers.

Statistical Data and Tetris Expertise

• Alter

• Geschlecht

• Beruf/Ausbildungsrichtung

• Digitale Spielerfahrung

– Spiele generell

– Spiele regelmäßig

• Kennst Du Tetris ja d nein d
• Wenn ja, wann hast Du zuletzt Tetris gespielt?

• Wie kompetent glaubst du, bist du in Tetris?

sehr kompetent d d d d d d d d d d ohne Kompetenz ‖ k.A. d
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After the First Game

• Algorithmus

• SpielID

• Wie schwierig fandest Du das Spiel?

sehr schwierig d d d d d d sehr einfach ‖ keine Antwort d
• Wie viel Spaß hat Dir das Spiel gemacht?

sehr viel d d d d d d absolut keinen ‖ keine Antwort d
After Game 2-10

• Algorithmus

• SpielID

• Wie schwierig fandest Du das Spiel?

sehr schwierig d d d d d d sehr einfach ‖ keine Antwort d
• Ich fand das Spiel schwieriger ‖ leichter als das voherige.

• Wie viel Spaß hat Dir das Spiel gemacht?

sehr viel d d d d d d absolut keinen ‖ keine Antwort d
• Das Spiel hat mir mehr ‖ weniger Spaß gemacht als das vorherige.

Vielen Dank für Deine Mithilfe.
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A.2 Consent Form Main Study

Thank you for participating in this test. You can stop the game as well as the whole test

at any time. (It does actually make sense to still fill out the questionnaires afterwards,

in case you didn’t finish all games.) If you have any questions during the test, you can

always ask your supervisor; however, they might not always give you an answer. If you

experience problems, please contact them immediately.

Your data will be dealt with confidentially. Your name will not be recorded at all, we

use an encoded identifier for the questionnaires. The data will only be used for research

purposes.

Next to the questionnaires, we will also log your test session in terms of interaction as

well as your eye movements for analysis. If you disagree on any of these procedures –

also at a later point–, please inform your test supervisor.

We hope you’ll have fun!

Please indicate your understanding and agreement to the terms of the test here.

Date, Signature
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A.3 Initial Questionnaire for Statistical Data

• Age

• Gender

• Work/Education science d social science d humanities d other d
• Are you aware of any defects in your vision? yes d no d n.a. d

If yes, please specify

• Experience with Digital Games

– Genre

How often?

less than once a month d more than once a month d
more than once a week d daily or near-daily d

Competence

very competent d d d d d d d d d d d no competence —— no

answer d
– Genre

How often?

less than once a month d more than once a month d
more than once a week d daily or near-daily d

Competence

very competent d d d d d d d d d d d no competence —— no

answer d
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• Do you know of Tetris yes d no d
• If yes, when did you last play Tetris?

• How would you rate your competence in Tetris?

very competent d d d d d d d d d d d no competence —— no answer d
A.4 Framing Texts

A.4.1 Framed Participants

You will play two games of Tetris (each at a maximum of five minutes) and, after a

break, two more games. This version of Tetris is special because the game alters its

difficulty based on what is being done by a player as well as their eye movements. If you

are interested in more specifics, ask your supervisor after the test.

A.4.2 Non-Framed Participants

You will play two games of Tetris (each at a maximum of five minutes) and, after a

break, two more games. Because your eye movements can tell us about your performance,

we record them to see whether the mechanisms that look at what players do and adapt

the game are working well and improving your play. If you are interested in more

specifics, ask your supervisor after the test.
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A.5 Data Control Sheet

Testperson ID

Sprache: Deutsch d Englisch d
Bevor Testperson kommt

1. ID festgelegt d
2. ID in Skilltest definiert d
3. ID in NEMtris definiertd
4. Log Files vorbereitet d
5. Reihenfolge der Spiele festgelegt d
6. Reihenfolge der Spiele in NEMtris festgelegt d
7. Eyetracker gereinigt d

BITTE WENDEN.

Nach dem Test

1. Archivieren der Skilltest Logs d
2. Archivieren der NEMtris Logs d
3. Digitalisierung der Fragebögen d
4. Digitalisierung der Spatial Ability Tests d
5. Schreddern der Spatial Ability Tests d
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Mit Testperson

1. trägt Brille? ja d nein d
2. Begrüßt und Aufgeklärt (Willkommensblatt unterschrieben) d
3. Statistischen Fragebogen ausgefüllt d
4. Skill Test durchgeführt d
5. Einführung (N)EMtris gemacht d
6. dominantes Auge

7. EyeTracking Setup

8. Validierungsergebnis

9. Spiele mit Pause durchgeführt (viermal plus Zwischenfragebögen) d
10. Game Experience Questionnaire ausgefüllt d
11. Kuchen und Pause angeboten und durchgeführt d
12. Post Game Questionnaire ausgefüllt d
13. MRT gemacht d
14. Bedankt! d

Raum für Notizen:



Appendix B

Additional Evaluations of Studies

B.1 Pre-Study

B.1.1 Test Participants

Age Gender Occupation Tetris? How long ago? Comp.

34 m tech yes > 12 months 4
29 m tech yes > 12 months 7
25 m tech yes > 24 months 7
25 m non-tech yes > 6 months 4
30 m tech yes > 12 months 4
22 f tech yes > 12 months 3
25 m non-tech yes > 12 months 3
24 f non-tech yes > 24 months 7
26 f non-tech yes > 24 months 6
22 f tech yes > 2 months 8
23 f tech yes > 84 months 9
26 m tech yes > 12 months 5
25 f non-tech yes > 6 months 9
27 f tech yes > 24 months n.a.
26 f tech yes > 120 months 4
27 f tech yes > 120 months 8

mean 26 8 f 11 tech 100% > 31.625 months 5.867
median 25.5 8 m 5 non-tech > 12 months 6
std 3.055 > 39.241 months 2.134

Table B.1: Description of All Participants of the Pre-Study.
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B.1.2 Performance-Based Results

Differences between algorithms for lines made:

• between all: χ2 = 488.6633, df = 124, p-value < 0.001

• nice/grab: χ2 = 64.6026, df = 31, p-value < 0.001

• grab/true: χ2 = 167.601, df = 31, p-value < 0.001

• true/skew: χ2 = 171.0318, df = 31, p-value < 0.001

• skew/bust: χ2 = 116.5952, df = 31, p-value < 0.001

Algorithm Mean Median sd Significance(p) Corr. Rank

Nicetris 228.1 240 67.14 < 0.001 -1.00 1
Grab Bag 229.1 240 71.77 < 0.001 -1.00 2
True Random 240.0 225 74.66 < 0.001 -1.00 3
Skewed Random 291.9 302.5 64.13 < 0.001 -1.00 4
Bust Head 333.1 347.5 46.83 < 0.001 -1.00 5
Over all 264.4 265 77.06 < 0.001 -1.00

Table B.2: Maximum Speed per Game According to Algorithms in Pre-Study. Signif-
icance has been done using the Mann-Whitney-Wilcoxon test. Correlation means the
correlation of the maximum speed with lines made calculated with Spearman’s ρ. Rank
(according to mean) goes from highest speed (1) to lowest speed (5). The scales on
speed are inverted, because they are expressed inverted as time intervals in milliseconds,

hence the correlation is always negative.

Algorithm Mean Median sd Significance(p) Corr. Rank

Nicetris 276.6 285 33.46 < 0.001 0.27 1
Grab Bag 272.8 298.5 45.14 < 0.001 0.24 2
True Random 258.0 289 58.39 < 0.001 0.55 3
Skewed Random 212.1 211.5 62.27 < 0.001 0.72 4
Bust Head 170.3 167.5 58.81 < 0.001 0.65 5
Over all 238.0 259.5 66.27 < 0.001 -0.09

Table B.3: Time Used (in seconds) per Game According to Algorithms in Pre-Study.
A possible maximum lies at 300 seconds plus time to drop the last tetromino. Signif-
icance has been done using the Mann-Whitney-Wilcoxon test. Correlation means the
correlation of the time needed with lines made calculated with Spearman’s ρ. Rank

(according to mean) goes from most time used (1) to lowest time used (5).
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Algorithm Mean Median sd Significance(p) Rank

Nicetris 3.094 3 1.058 < 0.001 4
Grab Bag 2.719 2.5 1.085 < 0.001 5
True Random 3.344 3 1.234 < 0.001 3
Skewed Random 4.156 4 1.051 < 0.001 2
Bust Head 4.562 5 1.076 < 0.001 1

Table B.4: Perceived Difficulty of Algorithms in Pre-Study. Likert Scale had six
item and was encoded on the [1..6] range. Significance has been done using the Mann-
Whitney-Wilcoxon test. Rank (according to mean) goes from hardest(1) to easiest(5).

Algorithm Mean Median sd Significance(p) Rank

Nicetris 4.469 4.5 1.164 < 0.001 2
Grab Bag 4.469 5 1.270 < 0.001 1
True Random 4.281 4 1.023 < 0.001 3
Skewed Random 3.938 4 1.268 < 0.001 4
Bust Head 3.469 3 1.270 < 0.001 5

Table B.5: Perceived Fun of Algorithms in Pre-Study. Likert Scale had six item and
was encoded on the [1..6] range. Significance has been done using the Mann-Whitney-
Wilcoxon test. Rank (according to mean, then median) goes from most fun(1) to least

fun(5).

B.1.3 Questionnaire-Based Results

B.1.4 Other Results

Algorithm Spearman’s ρ p S

Nicetris 0.78 < 0.001 1187.43
Grab Bag 0.76 < 0.001 1331.61
True Random 0.41 0.004 2771.95
Skewed Random 0.39 0.029 3343.27
Bust Head 0.29 0.106 3865.74
Over all 0.61 < 0.001 267009

Table B.6: Analysis Correlation between Closed Holes and Pile Height in Pre-Study.
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B.2 Pilot-Study

B.2.1 Test Participants

Age Gender Occupation Tetris? How long ago? Comp.

26 m tech yes > 1 months 4
18 m other yes > 12 months 4
22 f tech yes > 1 month 5
27 f tech yes > 12 months 8
23 m tech yes > 1 month 9
27 m tech yes > 12 months 6

mean 23.833 2 f 5 tech 100% > 6.5 months 6
median 24.5 4 m 1 non-tech > 6.5 months 5.5
std 3.545 > 6.025 months 2.098

Table B.7: Description of All Participants of the Pilot Study.

B.2.2 Skill Test Results

# of games best worst average best/min worst/min average/min

3 20 18 18.67 13.16 11.92 12.36
3 22 13 17.67 14.47 8.61 11.67
3 25 12 19.67 16.56 7.95 13.06
3 26 23 24.00 17.11 15.13 15.82
5 22 15 18.60 14.47 9.87 12.22
5 20 14 16.40 13.25 9.27 11.30

mean 3.667 22.50 15.83 19.17 14.84 10.46 12.74
median 3 22 14.5 18.63 14.47 9.57 12.29
std 1.03 2.51 4.07 2.61 1.66 2.66 1.63

Table B.8: Performance in the skill tests during the pilot study. One row represents
one participant if not indicated otherwise.

B.3 Main Study

B.3.1 Population



Additional Evaluations of Studies 109

group language age gender occupation mr score

NF1 C German 26 f other 13
F2 F German 30 f science 14
NF3 C German 27 m science 8
F4 F German 25 m other 16
NF5 C German 25 m science 11
F6 F German 25 f science 15
NF7 C German 32 m science 7
F8 F German 26 m science 10
NF9 C English 30 f humanities 12
F10 F German 33 m other 17
NF11 C German 25 f science 7
F12 F German 22 m science 11
NF13 C German 25 m science 22
F14 F German 26 m other 12
F15 F German 14 f other 3
NF16 C English 24 f science 7
NF17 C English 26 m science 20
F18 F English 34 none other 19
NF19 C German 46 f humanities 11
F20 F German 30 m science 9
NF21 C German 24 f other 13
F22 F German 39 m science 9
NF23 C German 22 f science 18
F24 F English 28 f science 12
NF25 C English 25 m science 14
F26 F German 28 m humanities 10
F27 F German 27 f science 12
NF28 C German 25 m science 21
NF29 C German 27 m science 9
F30 F German 32 none other 7
F31 F German 19 m science 14
NF32 C German 24 f science 16
NF33 C German 25 m science 14
F34 F German 29 m science 16
NF35 C German 24 f science 14
F36 F German 24 m science 16
NF37 C English 30 f social science 4
F38 F German 26 m science 12
NF39 C German 34 m science 13
F40 F German 33 m social science 10
NF41 C German 33 m social science 5
F42 F German 30 f social science 14
F43 F German 29 f humanities 7

mean 21 C 36 German 27.63 24 m 27 science 12.19
median 22 F 7 English 26 17 f 4 hum/soc sc. 12
std 5.26 2 none 8 other 4.45

Table B.9: Demographic Description of Participants of the Main Study. C refers to
non framed participants, F refers to framed participants, mr stands for mental rotation.
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regularity dg comp dg knows t when last played t comp t

NF1 less than once a month 9 1 about 15 years ago 4
F2 less than once a month 4 1 about 10 years ago 4
NF3 more than once a month 4 1 about 4 months ago 7
F4 less than once a month 4 1 pre-study 5
NF5 more than once a week 4.5 1 about 2 years ago 8
F6 more than once a month 2 1 about 2 years ago 4
NF7 more than once a week 4 1 about 5 years ago 4
F8 less than once a month 7 1 pre-study 9
NF9 less than once a month 10 1 about 20 years ago 4
F10 less than once a month 7 1 about 3 years ago 7
NF11 less than once a month 10 1 never 0
F12 more than once a month 2 1 about 5 years ago 5
NF13 more than once a month 2 1 about 3 years ago 5
F14 more than once a week 2 1 about 10 years ago 8
F15 less than once a month 4 1 about 2 years ago 7
NF16 more than once a month 3 1 about 10 years ago 4
NF17 less than once a month 5 1 about 4 years ago 5
F18 more than once a week 4 1 pre-study 3
NF19 less than once a month 10 1 about 20 years ago 8
F20 more than once a week 2 1 about 4 months ago 4
NF21 more than once a month 4 1 pre-study 4
F22 more than once a week 1 1 about 6 months ago 4
NF23 more than once a month 4 1 about 3 weeks ago 4
F24 less than once a month 9 1 pre study 9
NF25 less than once a month 6 1 about 15 years ago 4
F26 more than once a month 4 1 about 5 years ago 4
F27 less than once a month 2 1 pre-study 3
NF28 daily or nearly daily 4 1 about 8 years ago 7
NF29 less than once a month 3 1 last month 5
F30 daily or nearly daily 7 1 about 6 months ago 6
F31 less than once a month 7 1 about 15 years ago 10
NF32 less than once a month 6 1 never 0
NF33 less than once a month 6 1 about 10 years ago 9
F34 less than once a month 3 1 about 4 years ago 6
NF35 more than once a month 5 1 about 1 year ago 6
F36 more than once a week 3 1 2 days ago 4
NF37 less than once a month 10 1 about 3 years ago 7
F38 more than once a week 3 1 about 1 year ago 5
NF39 less than once a month 0 1 about 15 years ago 9
F40 less than once a month 7 1 about 5 years ago 6
NF41 more than once a week 7 1 about 15 years ago 7
F42 more than once a week 3 1 about 2 months ago 4
F43 less than once a month 9 1 about 15 years ago 9

mean 4.94 1 5.51
median 4 1 5
std 2.59 0 2.29

Table B.10: Game Experience of Participants in Main Study. comp refers to compe-
tence, dg refers to digital games in general, t refers to Tetris
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B.3.2 Results According to Hypotheses

B.3.2.1 Performance Based Hypotheses

Non-Framed Framed

shapiro W = 0.980, p = 0.915 W = 0.928, p = 0.113

mean 14.36 12.88

median 14 10.875

standard deviation 4.88 7.09

significance t = 0.872, df = 37.25, p = 0.389

Table B.11: Overview of Results for H-P1SH(1) - Lines Made According to Framing
Category. Significance has been established using Student’s t-test.

Non-Framed Framed

shapiro W = 0.951, p = 0.330 W = 0.921, p = 0.081

mean 18.11 16.57

median 16.25 15.50

standard deviation 6.43 9.07

significance t = 0.650, df = 37.85, p = 0.520

Table B.12: Overview of Results for H-P1SH(2) - Score According to Framing Cate-
gory. Significance has been established using Student’s t-test.

Non-Framed Framed

shapiro W = 0.935, p = 0.154 W = 0.908, p < 0.05

mean 473.1ms 498.5ms

median 471.6ms 480.2ms

standard deviation 78.37ms 65.29ms

significance W = 202, p = 0.354

Table B.13: Overview of Results for H-P1SH(3) - Speed at the End of a Game Accord-
ing to Framing Category. Significance has been established using the Wilcoxon-Mann-
Whitney test. Note that a high number refers to a larger interval between refreshing

steps of the tetromino and so indicates a slower game.
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Non-Framed Framed

shapiro W = 0.932, p = 0.135 W = 0.935, p = 0.153

mean 1.57 1.51

median 1.5 1.5

standard deviation 0.42 0.37

significance t = 0.503, df = 41.13, p = 0.617

Table B.14: Overview of Results for H-P1SH(4) - Algorithm at the End of a Game
According to Framing Category. Significance has been established using Student’s t-
test. Algorithms have been encoded from 1 = Grab Bag to 5 = Bust Head according

to previously established ranks of difficulty (see Figure 5.1).

Conventional Eye Movement Based

shapiro W = 0.866, p < 0.001 W = 0.937, p < 0.05

mean 13.66 13.65

median 11 12

standard deviation 9.25 8.60

significance W = 904, p = 0.863

Table B.15: Overview of Results for H-P2SH(1) - Lines Made According to Adaption.
Significance has been established using the Wilcoxon-Mann-Whitney test.

Conventonal Eye Movement Based

shapiro W = 0.864, p < 0.001 W = 0.947, p < 0.05

mean 17.69 16.95

median 14.5 15

standard deviation 12.81 10.31

significance W = 910, p = 0.904

Table B.16: Overview of Results for H-P2SH(2) - Score According to Adaption. Sig-
nificance has been established using the Wilcoxon-Mann-Whitney test.

Conventional Eye Movement Based

shapiro W = 0.4512, p < 0.001 W = 0.974, p = 0.434

mean 385.7ms 586.5ms

median 372ms 582ms

standard deviation 55.73ms 132.90ms

significance W = 148.5, p < 0.001

Table B.17: Overview of Results for H-P2SH(3) - Speed at the End of a Game Accord-
ing to Adaption. Significance has been established using the Wilcoxon-Mann-Whitney
test. Note that a high number refers to a larger interval between refreshing steps of the

tetromino and so indicates a slower game.
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Conventional Eye Movement Based

shapiro W = 0.746, p < 0.001 W = 0.891, p < 0.001

mean 1.37 1.71

median 1 1.5

standard deviation 0.50 0.59

significance W = 513.5, p < 0.01

Table B.18: Overview of Results for H-P2SH(4) - Algorithm at the End of a Game
According to Adaption. Significance has been established using the Wilcoxon-Mann-
Whitney test. Algorithms have been encoded from 1 = Grab Bag to 5 = Bust Head

according to previously established ranks of difficulty (see Figure 5.1).

Non-Framed Framed

shapiro W = 0.828, p =< 0.01 W = 0.895, p < 0.05

mean 15.88 11.55

median 13 10

standard deviation 10.46 7.56

significance W = 168.5, p = 0.132

Table B.19: Overview of Results for H-P3SH(1) - Lines Made According to Framing
Category for Conventionally Adapted Games. Significance has been established using

the Wilcoxon-Mann-Whitney test.

Non-Framed Framed

shapiro W = 0.817, p < 0.01 W = 0.910, p < 0.05

mean 20.43 15.07

median 16 13.25

standard deviation 14.69 10.40

significance W = 281, p = 0.229

Table B.20: Overview of Results for H-P3SH(2) - Score According to Framing Cat-
egory in Conventionally Adapted Games. Significance has been established using the

Wilcoxon-Mann-Whitney test.

Non-Framed Framed

shapiro W = 0.491, p < 0.001 W = 0.496, p < 0.001

mean 396.7ms 375.3ms

median 373ms 369ms

standard deviation 73.07ms 29.88ms

significance W = 303, p = 0.081

Table B.21: Overview of Results for H-P3SH(3) - Speed at the End of a Game Ac-
cording to Framing Category for Conventionally Adapted Games. Significance has been
established using the Wilcoxon-Mann-Whitney test. Note that a high number refers
to a larger interval between refreshing steps of the tetromino and so indicates a slower

game.



Additional Evaluations of Studies 114

Non-Framed Framed

shapiro W = 0.747, p < 0.001 W = 0.739, p < 0.001

mean 1.43 1.32

median 1 1

standard deviation 0.60 0.39

significance W = 241, p = 0.798

Table B.22: Overview of Results for H-P3SH(4) - Algorithm at the End of a Game
According to Framing Category for Conventionally Adapted Games. Significance has
been established using the Wilcoxon-Mann-whitney test . Algorithms have been en-
coded from 1 = Grab Bag to 5 = Bust Head according to previously established

ranks of difficulty (see Figure 5.1).

Non-Framed Framed

Lines Made

shapiro W = 0.878, p < 0.05 W = 0.953, p = 0.364

mean 13.07 14.20

median 12 12.25

standard deviation 7.98 9.31

significance W = 221, p = 0.817

Scores

shapiro W = 0.898, p < 0.05 W = 0.961, p = 0.503

mean 15.79 18.070

median 14.5 16.75

standard deviation 9.27 11.31

significance W = 209.5, p = 0.6098

Speed at the End

shapiro W = 0.970, p = 0.73 W = 0.9166, p = 0.065

mean 549.6ms 621.7ms

median 564ms 589ms

standard deviation 123.30 134.86

significance t = −1.83, df = 40.93, p = 0.074

Algorithm at the End

shapiro W = 0.878, p < 0.05 W = 0.877, p < 0.05

mean 1.71 1.71

median 1.5 1

standard deviation 0.54 0.64

significance W = 240.5, p = 0.821

Table B.23: Overview of Results for H-P3 for Games with Eye Movement Based
Adaptation.
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Non-Framed Framed

shapiro W = 0.797, p =< 0.01 W = 0.838, p < 0.01

mean 10.43 6.84

median 6 4.5

standard deviation 11.84 6.67

significance W = 208.5, p = 0.593

Table B.24: Overview of Results for H-P5SH(1) - Differences in Lines Made According
to Framing Category. Significance has been established using the Wilcoxon-Mann-

Whitney test.

Non-Framed Framed

shapiro W = 0.798, p < 0.001 W = 0.808, p < 0.001

mean 13.93 9.00

median 9.5 7.25

standard deviation 15.77 8.26

significance W = 204.5, p = 0.5271

Table B.25: Overview of Results for H-P5SH(2) - Differences in Score According
to Framing Category. Significance has been established using the Wilcoxon-Mann-

Whitney test.

Non-Framed Framed

shapiro W = 0.954, p = 0.412 W = 0.924, p = 0.090

mean 164.1ms 251.5ms

median 159ms 216ms

standard deviation 107.46ms 135.67ms

significance t = 2.35, df = 39.68, p− value < 0.05

Table B.26: Overview of Results for H-P5SH(3) - Differences in Speed at the End
of a Game According to Framing Category. Significance has been established using
Student’s t-test. Note that a high number refers to a larger interval between refreshing

steps of the tetromino and so indicates a slower game.

Non-Framed Framed

shapiro W = 0.852, p < 0.01 W = 0.861, p < 0.01

mean 0.57 0.61

median 0.5 0.5

standard deviation 0.53 0.62

significance W = 234.5, p = 0.940

Table B.27: Overview of Results for H-P5SH(4) - Differences in Algorithm at the End
of a Game According to Framing Category. Significance has been established using the
Wilcoxon-Mann-whitney test . Algorithms have been encoded from 1 = Grab Bag to
5 = Bust Head according to previously established ranks of difficulty (see Figure 5.1).
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B.3.2.2 User Experience Based Hypotheses

Category Aspect shapiro p mean median sd sig N/F

Non-Framed

competence p = 0.105 2.53 2.6 0.85 p = 0.8274 (t)
flow p = 0.441 2.95 3 0.82 p = 0.410 (t)

challenge p = 0.029 2.22 2 0.73 p = 0.074 (w)
positive p = 0.493 3.16 3.4 0.93 p = 0.99 (t)
immersion p = 0.131 2.18 2.2 0.87 p = 0.59 (t)
post positive p < 0.01 1.91 1.8 0.66 p = 0.874 (w)
tension p < 0.001 1.62 1.33 0.69 p = 0.618 (w)
negative p < 0.01 1.66 1.5 0.64 p = 0.851 (w)
post negative p < 0.01 1.28 1.2 0.30 p = 0.891 (w)

Framed

competence p = 0.814 2.59 2.5 0.80 p = 0.8274 (t)
flow p = 0.938 3.17 3 0.91 p = 0.410 (t)
challenge p = 0.551 2.6 2.6 0.75 p = 0.074 (w)
positive p = 0.377 3.17 3.1 0.69 p = 0.99 (t)
immersion p = 0.057 2.05 1.8 0.71 p = 0.59 (t)
post positive p = 0.089 1.89 1.83 0.58 p = 0.874 (w)
tension p < 0.001 1.83 1.67 1.02 p = 0.618 (w)
negative p < 0.01 1.51 1.38 0.36 p = 0.851 (w)
post negative p < 0.001 1.28 1.17 0.29 p = 0.891 (w)

Table B.28: Overview of Results for H-U1SH - Reported Values for the GEQ Core and
Post Game Module According to Framing Category. Significance has been established

using Student’s t-test (t) or the Wilcoxon-Mann-Whitney test (w).

Category Aspect shapiro p mean median sd sig N/F

Conventional

competence p = 0.093 2.28 2.25 0.87 p = 0.382 (t)
flow p = 0.381 2.85 2.75 0.99 p = 0.732 (t)

challenge p = 0.230 3.08 2.5 0.89 p = 0.589 (t)
positive p = 0.490 2.76 2.75 0.90 p = 0.837 (t)
tension p < 0.05 2.15 2 0.85 p = 0.316 (w)
negative p < 0.001 1.51 1.25 0.55 p = 0.715 (w)

EM-Based

competence p = 0.147 2.43 2.5 0.71 p = 0.382 (t)
flow p = 0.074 2.93 3.25 1.05 p = 0.732 (t)
challenge p = 0.132 2.98 3 0.90 p = 0.589 (t)
positive p = 0.268 2.80 3 0.93 p = 0.837 (t)
tension p < 0.001 1.99 1.75 0.84 p = 0.316 (w)
negative p < 0.001 1.47 1.25 0.50 p = 0.715 (w)

Table B.29: Overview of Results for H-U2SH - Reported Values for the In-Game
Module of the GEQ According to Type of Adaptation. Significance has been established

using Student’s t-test (t) or the Wilcoxon-Mann-Whitney test (w).
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Measure Framing shapiro p mean median sd sig N/F

Flow
F p = 0.947 2.97 3 1.02

p = 0.456 (t)
N p = 0.522 2.74 2.75 0.97

Challenge
F p = 0.232 3.38 3 0.76

p < 0.05 (t)
N p = 0.562 2.77 2.75 0.93

Competence
F p = 0.097 2.06 2.13 0.79

p = 0.088 (t)
N p = 0.250 2.51 2.5 0.91

Positive
F p = 0.643 2.56 2.5 0.81

p = 0.140 (t)
N p = 0.821 2.96 2.75 0.95

Tension
F p = 0.223 2.26 2.13 0.91

p = 0.387 (t)
N p = 0.184 2.04 2 0.78

Negative
F p < 0.01 1.48 1.25 0.52

p = 0.794 (w)
N p < 0.01 1.55 1.25 0.59

Table B.30: Overview of Results for H-U3SH - Reported Values for the In-Game Mod-
ule of the GEQ for Conventionally Adapted Games According to Framing. Significance
has been established using Student’s t-test (t) or the Wilcoxon-Mann-Whitney test (w).

Measure Adaptation shapiro mean median sd sig N/F

Flow
C p = 0.947 2.97 3 1.02

p = 0.911 (t)
E p = 0.691 3.0 3.25 1.00

Challenge
C p = 0.232 3.38 3.25 0.76

p = 0.151 (t)
E p = 0.254 3.17 2.13 0.89

Competence
C p = 0.097 2.06 2.13 0.79

p < 0.05 (t)
E p = 0.141 2.55 2.5 0.67

Positive
C p = 0.643 2.56 2.5 0.81

p = 0.221 (t)
E p = 0.177 2.85 3 0.77

Tension
C p = 0.223 2.26 2.13 0.91

p = 0.422 (w)
E p < 0.01 2.07 1.875 0.87

Negative
C p < 0.01 1.48 1.25 0.52

p = 0.952 (w)
E p < 0.01 1.43 1.38 0.41

Table B.31: Overview of Results for H-U4SH - Reported Values for the In-Game
Module of the GEQ for Framed Players According to Type of Game. Significance has
been established using Student’s t-test (t) or the Wilcoxon-Mann-Whitney test (w).
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Measure Framing shapiro mean median sd sig N/F

Flow
F p < 0.001 0.33 0.25 0.41

p = 0.262 (w)
N p < 0.01 0.43 0.25 0.40

Challenge
F p < 0.01 0.43 0.5 0.25

p = 0.336 (w)
N p < 0.01 0.40 0.25 0.38

Competence
F p = 0.076 0.72 0.75 0.61

p = 0.650 (t)
N p = 0.081 0.80 0.75 0.56

Positive
F p < 0.05 0.75 0.63 0.5

p = 0.588 (w)
N p = 0.055 0.65 0.75 0.53

Tension
F p < 0.01 0.49 0.25 0.42

p = 0.114 (w)
N p = 0.066 0.74 0.75 0.53

Negative
F p < 0.05 0.36 0.38 0.26

p = 0.296 (w)
N p < 0.01 0.29 0.25 0.31

Table B.32: Overview of Results for H-U5SH - Differences of In-Game GEQ Values
between Type of Adaptation According to Framing. Significance has been established

using Student’s t-test (t) or the Wilcoxon-Mann-Whitney test (w).
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B.3.2.3 Expertise Based Hypotheses

Measure Framing shapiro mean median sd sig N/F

Fixations
N p = 0.226 1378 1376 307.97

p = 0.163 (t)
F p = 0.855 1227 1260 386.74

Fix. Length
N p = 0.261 299.6ms 290.9ms 36.25ms

p = 0.717 (t)
F p = 0.469 303.6ms 273.2ms 37.20ms

Horizontal EM
N p < 0.01 0.153 0.123 0.073

p = 0.420 (w)
F p = 0.237 0.125 0.122 0.047

Saccadic Ampl.
N p < 0.01 285.4 278.4 98.44

p = 0.838 (w)
F p < 0.01 281.9 270.4 71.50

Epistemic Actions
N p < 0.05 0.142 0.120 0.095

p = 0.508 (w)
F p < 0.05 0.159 0.136 0.095

Table B.33: Overview of Results for H-E1SH - Differences of Expertise Establishing
Measures According to Framing. Significance has been established using Student’s

t-test (t) or the Wilcoxon-Mann-Whitney test (w).

Measure Game shapiro mean median sd sig N/F

Fixations
C p = 0.396 1294 1310 497.51

p = 0.966 (w)
E p < 0.05 1308 1224 473.58

Fix. Length
C p = 0.069 302.2ms 292.8ms 40.04ms

p = 0.886 (t)
E p = 0.283 301.0ms 297.3ms 34.69ms

Horizontal EM
C p < 0.001 0.253 0.127 0.668

p = 0.559 (w)
E p = 0.237 0.151 0.124 0.085

Saccadic Ampl.
C p < 0.001 288 271.7 121.93

p = 0.931 (w)
E p < 0.001 279.2 258.3 90.53

Epistemic Actions
C p < 0.001 0.155 0.147 0.084

p = 0.718 (w)
E p < 0.001 0.194 0.137 0.197

Table B.34: Overview of Results for H-E2SH - Differences of Expertise Establishing
Measures According to Type of Adaptation. Significance has been established using

the Wilcoxon-Mann-Whitney test (w).
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Measure Framing shapiro mean median sd sig N/F

Fixations
N p = 0.720 1362 1332 573.33

p = 0.392 (t)
F p = 0.840 1229 1255 415.87

Fix. Length
N p = 0.162 300.2ms 287.9ms 42.16ms

p = 0.749 (t)
F p = 0.537 304.1ms 296.1ms 38.80ms

OOI-Fixations
N p = 0.867 738.5 712.5 292.13

p < 0.05 (t)
F p = 0.932 535.8 527 222.63

Horizontal EM
N p < 0.001 0.360 0.147 0.950

p = 0.107 (w)
F p = 0.657 0.115 0.109 0.051

Saccadic Ampl.
N p < 0.001 304.8 274.5 156.35

p = 0.914 (w)
F p < 0.05 272 269 76.83

Epistemic Actions
N p = 0.674 0.136 0.134 0.075

p = 0.142 (t)
F p = 0.116 0.174 0.158 0.091

Table B.35: Overview of Results for H-E3SH - Differences of Expertise Establishing
Measures According to Framing for Conventionally Adapted Games. Significance has
been established using Student’s t-test (t) or the Wilcoxon-Mann-Whitney test (w).

Measure Game shapiro mean median sd sig N/F

Fixations
C p = 0.840 1229 1255 415.87

p = 0.844 (w)
E p < 0.01 1225 1215 530.88

Fix. Length
C p = 0.537 304.1ms 296.1ms 38.80ms

p = 0.927 (t)
E p = 0.402 303.1ms 299.0ms 37.44ms

Horizontal EM
C p = 0.657 0.116 0.109 0.051

p = 0.311 (w)
E p < 0.05 0.143 0.117 0.072

Saccadic Ampl.
C p < 0.05 272 269 76.83

p = 0.807 (w)
E p < 0.001 291.8 257.8 108.45

Epistemic Actions
C p = 0.116 0.174 0.158 0.091

p = 0.522 (w)
E p < 0.001 0.182 0.141 0.165

Table B.36: Overview of Results for H-E4SH - Differences of Expertise Establishing
Measures According to Type of Adaptation for Framed Players. Significance has been

established using the Wilcoxon-Mann-Whitney test (w).

Measure Framing shapiro mean median sd sig N/F

Fixations
F p < 0.001 408.9 350 368.92

p = 0.528 (w)
N p < 0.05 563.5 413.5 514.82

Fix. Length
N p < 0.001 13.33ms 6.95ms 14.38ms

p = 0.952 (w)
F p =< 0.001 11.65ms 7.72ms 11.73ms

Horizontal EM
N p < 0.001 0.052 0.032 0.065

p = 0.157 (w)
F p < 0.001 0.304 0.119 0.928

Saccadic Ampl.
N p < 0.001 73.09 49.01 98.47

p = 0.990 (w)
F p < 0.001 82.13 43.5 116.79

Epistemic Actions
N p < 0.001 0.101 0.070 0.107

p = 0.782 (w)
F p < 0.001 0.122 0.068 0.176

Table B.37: Overview of Results for H-E5SH - Differences of Expertise Establishing
Measures of Deltas Between Type of Adaption for Framed Players. Significance has

been established using the Wilcoxon-Mann-Whitney test (w).
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B.3.2.4 Intersectional Hypotheses

Measure shapiro mean median sd correlation to lines

Lines Made p = 0.292 13.66 12.25 6.15 -

Flow p = 0.259 3.07 3 0.87 r = 0.230

Challenge p = 0.064 2.41 2.4 0.76 r = −0.062

Competence p = 0.077 2.56 2.6 0.82 r = 0.171

Immersion p < 0.05 2.11 2 0.79 ρ = −0.077

Positive p = 0.324 3.16 3.2 0.80 r = −0.041

Tension p < 0.001 1.73 1.33 0.87 ρ = 0.006

Negative p < 0.001 1.58 1.5 0.52 ρ = 0.208

Post Positive p < 0.01 1.90 1.83 0.61 ρ = −0.065

Post Negative p < 0.01 1.28 1.17 0.29 ρ = 0.106

Table B.38: Overview of Results for H-I1SH - Correlations Between Lines Made and
GEQ Values. Correlation has been established using Pearson’s product correlation

(when r) or Spearman’s ρ.

Measure shapiro mean median sd correlation to lines

Fixations p = 0.954 1301 1311 354.66 r = 0.200

Fix. Length p = 0.126 301.6ms 294.2ms 36.36ms r = 0.038

OOI-fixations p = 0.489 634.8 613.5 275.56 r = 0.258

Horizontal p < 0.001 0.193 0.130 0.337 ρ = 0.232

Saccadic Ampl. p < 0.001 283.6 270.9 84.70 ρ = 0.010

Epistemic Actions p < 0.001 0.175 0.145 0.122 ρ = 0.306

Table B.39: Overview of Results for H-I2SH - Correlations Between Lines Made and
Measured Eye Movements/Epistemic Actions. Correlation has been established using
Pearson’s product correlation (when r) or Spearman’s ρ. Note that OOI-fixations are

only looked at for conventionally adapted games.
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B.3.3 Side Effects

B.3.3.1 Gender

Measure Gender shapiro p mean median sd sig m/w

Lines Made
male p < 0.01 13.51 10.75 6.71

p = 0.508 (w)
female p = 0.278 13.51 15 5.23

Scores
male p < 0.05 17.1 15.5 8.79

p = 0.404 (w)
female p = 0.222 17.09 18 6.29

Speed
male p = 0.332 485.7ms 471.8ms 71.85ms

p = 0.428 (t)
female p = 0.487 468.2ms 474.5ms 67.12ms

Algorithm
male p = 0.11 1.57 1.5 0.43

p = 0.324 (w)
female p < 0.05 1.44 1.5 0.31

Table B.41: Overview over Relationships between Gender and Performance Measures

Measure Gender shapiro p mean median sd sig m/w

Flow
male p = 0.462 2.96 3 0.90

p = 0.302 (t)
female p = 0.060 3.25 3 0.85

Challenge
male p = 0.215 2.45 2.4 0.67

p = 0.772 (t)
female p = 0.546 2.38 2.4 0.87

Competence
male p = 0.078 2.46 2.6 0.70

p = 0.456 (t)
female p = 0.272 2.66 2.8 0.94

Immersion
male p < 0.05 2.10 1.9 0.78

p = 0.968 (w)
female p < 0.01 2.08 2 0.80

Positive
male p = 0.458 3.04 3 0.77

p = 0.270 (t)
female p = 0.343 3.34 3.6 0.89

Tension
male p < 0.001 1.76 1.67 0.94

p = 1 (w)
female p < 0.01 1.73 1.33 0.84

Negative
male p < 0.001 1.51 1.25 0.46

p = 0.691 (w)
female p < 0.01 1.60 1.5 0.57

Post Positive
male p = 0.053 1.81 1.67 0.49

p = 0.319 (w)
female p < 0.05 2.03 2 0.70

Post Negative
male p < 0.01 1.34 1.26 0.33

p = 0.166 (w)
female p < 0.01 1.20 1.17 0.22

Table B.42: Overview over Relationships between Gender and GEQ Measures
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Measure Gender shapiro p mean median sd sig m/w

Fixations
male p = 0.462 1276 1223 297.16

p = 0.601 (t)
female p = 0.999 1340 1317 434.32

OOI
male p = 0.280 614.4 592.2 244.88

p = 0.918 (t)
female p = 0.256 604.5 587.5 331.82

Horizontal
male p < 0.001 0.136 0.121 0.049

p = 0.525 (w)
female p = 0.527 0.149 0.144 0.065

Saccades
male p < 0.001 286.8 264.8 82.06

p = 0.979 (w)
female p < 0.05 283.5 278.4 93.37

Epistemic
male p < 0.001 0.186 0.144 0.126

p = 0.560 (w)
female p = 0.119 0.150 0.156 0.088

Table B.43: Overview over Relationships between Gender and Expert Behaviour
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B.3.3.2 Age

The age variable was not normally distributed (W = 0.920, p < 0.01).

Measure shapiro correlation

Lines Made p = 0.292 ρ = 0.281

Score p = 0.103 ρ = 0.258

Speed p < 0.05 ρ = 0.104

Algorithm p < 0.05 ρ = 0.172

Table B.44: Overview over Relationships between Age and Performance Measures.
Correlation has been established with Spearman’s ρ

Measure shapiro correlation significance

Flow p = 0.259 ρ = −0.365

Challenge p = 0.064 ρ = −0.318

Competence p = 0.077 ρ = −0.013

Immersion p < 0.05 ρ = −0.274

Positive p = 0.324 ρ = −0.207

Tension p < 0.001 ρ = −0.340

Negative p < 0.001 ρ = 0.205

Post Positive p < 0.01 ρ = −0.266

Post Negative p < 0.001 ρ = 0.192

Table B.45: Overview over Relationships between Age and GEQ Results. Correlation
has been established with Spearman’s ρ

Measure shapiro correlation significance

Fixations p = 0.954 ρ = −0.018

OOI p = 0.480 ρ = −0.100

Horizontal p < 0.01 ρ = 0.390

Saccades p < 0.001 ρ = 0.144

Episteme p < 0.001 ρ = −0.217

Table B.46: Overview over Relationships between Age and Expert Behaviour. Cor-
relation has been established with Spearman’s ρ
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B.3.3.3 Language

Measure Language shapiro p mean median sd sig g/e

Lines Made
German p = 0.417 14.31 13.88 6.099

p = 0.126 (t)
English p = 0.552 10.32 10.25 5.64

Scores
German p = 0.127 18.1 17 7.87

p = 0.148 (t)
English p = 0.715 13.29 11.75 7.27

Speed
German p = 0.257 480ms 471.8ms 68.86ms

p = 0.338 (t)
English p = 0.159 517.6ms 491ms 92.31

Algorithm
German p < 0.05 1.57 1.5 0.42

p = 0.340 (w)
English p = 0.609 1.39 1.5 0.24

Table B.47: Overview over Relationships between Language and Performance Mea-
sures

Measure Language shapiro p mean median sd sig m/w

Flow
German p = 0.564 3.02 3 0.80

p = 0.5502 (t)
English p = 0.062 3.31 2.6 1.20

Challenge
German p < 0.01 2.54 2.6 0.80

p = 0.631 (w)
English p = 0.331 2.49 2.6 0.90

Competence
German p = 0.103 2.46 2.6 0.70

p = 0.761 (t)
English p = 0.959 2.66 2.6 0.97

Immersion
German p < 0.05 2.03 1.8 0.69

p = 0.222 (w)
English p = 0.604 2.54 2.2 1.12

Positive
German p = 0.184 3.09 3 0.74

p = 0.319 (t)
English p = 0.826 3.54 3.6 1.07

Tension
German p < 0.001 1.78 1.5 0.93

p = 0.566 (w)
English p < 0.05 1.48 1.33 0.50

Negative
German p < 0.001 1.58 1.5 0.48

p = 0.553 (w)
English p = 0.054 1.57 1.25 0.72

Post Positive
German p < 0.05 1.85 1.78 0.49

p = 0.655 (w)
English p = 0.397 2.14 1.83 1.07

Post Negative
German p < 0.001 1.28 1.17 0.29

p = 0.787 (w)
English p < 0.05 1.17 1.26 0.30

Table B.48: Overview over Relationships between Language and GEQ Measures
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Measure Language shapiro p mean median sd sig m/w

Fixations
German p = 0.389 1281 1328 348.22

p = 0.479 (t)
English p = 0.071 1401 1279 398.89

OOI
German p = 0.579 648.8 619.5 290.07

p = 0.3286 (t)
E nglish p = 0.726 563 587.5 183.13

Horizontal
German p < 0.01 0.133 0.123 0.049

p < 0.05 (w)
English p = 0.409 0.200 0.186 0.064

Saccades
German p < 0.001 283.3 264.8 87.15

p = 0.664 (w)
English p = 0.580 285.4 282.6 76.84

Epistemic
German p < 0.001 0.175 0.143 0.128

p = 0.834 (w)
English p = 0.114 0.171 0.199 0.096

Table B.49: Overview over Relationships between Language and Expert Behaviour
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B.3.3.4 Mental Rotation

The results of the mental rotation tests were normally distributed (W = 0.986, p =

0.860).

Lines Made Score Speed Algorithm

MR r = 0.107 r = −0.088 ρ = 0.180 ρ = −0.024

Table B.50: Overview over Relationships between Mental Rotation and Performance
Measures

Flow Challenge Competence Immersion Positive

MR r = 0.052 r = 0.219 r = −0.005 ρ = 0.049 ρ = 0.104

Tension Negative Post Positive Post Negative

MR ρ = −0.013 ρ = −0.106 ρ = −0.020 ρ = −0.240

Table B.51: Overview over Relationships between Mental Rotation and GEQ Results

Fixations OOI Horizontal Saccades Episteme

MR r = 0.106 r = 0.218 ρ = −0.110 ρ = 0.208 ρ = 0.059

Table B.52: Overview over Relationships between Mental Rotation and Expert Be-
haviour

B.3.3.5 Self-Reported Expertise

The data for the self-reported expertise was not normally distributed (W = 0.93, p <

0.05).

Lines Made Score Speed Algorithm

SR Expertise ρ = −0.161 ρ = −0.190 ρ = 0.015 ρ = −0.218

Table B.53: Overview over Relationships between Self Reported Expertise and Per-
formance Measures
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Flow Challenge Competence Immersion Positive

SR ρ = 0.170 ρ = 0.041 ρ = −0.263 ρ = −0.177 ρ = −0.124

Tension Negative Post Positive Post Negative

SR ρ = 0.105 ρ = −0.101 ρ = −0.028 ρ = 0.237

Table B.54: Overview over Relationships between Self Reported Expertise and GEQ
Results

Fixations OOI Horizontal Saccades Episteme

SR ρ = −0.025 ρ = 0.123 ρ = −0.176 ρ = −0.176 ρ = 0.072

Table B.55: Overview over Relationships between Self Reported Expertise and Expert
Behaviour

B.3.3.6 Pytris Established Expertise

The values for expertise as established by Pytris were normally distributed (W =

0.967, p = 0.243).

Lines Made Score Speed Algorithm

PE r = 0.435 r = 0.435 ρ = 0.047 ρ = 0.347

Table B.56: Overview over Relationships between Pytris Established Expertise and
Performance Measures

Flow Challenge Competence Immersion Positive

PE r = −0.292 r = 0.012 r = −0.090 ρ = −0.054 ρ = −0.103

Tension Negative Post Positive Post Negative

PE ρ = 0.117 ρ = 0.256 ρ = −0.063 ρ = 0.116

Table B.57: Overview over Relationships between Pytris Established Expertise and
GEQ Results

Fixations OOI Horizontal Saccades Episteme

PE r = −0.089 r = −0.322 ρ = 0.011 ρ = 0.042 ρ = 0.186

Table B.58: Overview over Relationships between Pytris Established Expertise and
Expert Behaviour
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German Translations of the

Material

C.1 Consent Form

Vielen Dank für Deine Teilnahme an diesem Test. Du kannst ein Spiel sowie auch

den ganzen Test jederzeit beenden. (Es macht allerdings Sinn, danach dennoch die

Fragebögen auszufüllen, auch wenn Du nicht alle Spiele beendet hast.) Wenn Du ir-

gendwelche Fragen während des Tests haben solltest, kannst Du dich jederzeit an Deine

Betreuerin wenden; manchmal kann sie Dir allerdings vielleicht keine konkrete Antwort

geben. Während Du den Eyetracker trägst, wäre es allerdings hilfreich, wenn Du die

Fragen nach den Spielen stellst. Falls irgendwelche Probleme auftauchen, sag bitte sofort

Bescheid.

Mit Deinen Daten wird vertraulich umgegangen. Dein Name wird in keinerlei Form

gespeichert; wir benutzen einen codierten Identifizierer für die Fragebögen. Die aufgenomme-

nen Daten werden nur in Forschungszusammenhängen genutzt.

Neben den Fragebögen speichern wir auch die Test Sessions in Form von Logs der In-

teraktionen und der Aufnahme von Augenbewegungen für die Analyse. Solltest Du

irgendwelchen dieser Maßnahmen auch zu einem späteren Punkt nicht zustimmen, in-

formiere bitte sofort die Betreuerin.

Wir hoffen, dass der Test Dir Spaß machen wird!

Bitte unterschreibe hier, um Deine Zustimmung zu den oben beschriebenen Testbedin-

gungen zu erklären.
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C.2 Framing Texts

C.2.1 Framed Participants

Du wirst zwei Tetris Spiele á maximal fünf Minuten spielen und dann, nach einer

Pause, noch einmal zwei. Die Version von Tetris, die du spielen wirst, ist besonders,

weil sie die Schwierigkeit daran anpasst was ein*e Spieler*in macht und daran, wie dabei

die Augen bewegt werden. Wenn du Genaueres wissen willst, frag deine Betreuerin nach

dem Test.

C.2.2 Non-Framed Participants

Du wirst zwei Tetris Spiele á maximal fünf Minuten spielen und dann, nach einer Pause,

noch einmal zwei. Da Augendaten uns etwas über die Performance von Spieler*innen

aussagt, zeichen wir diese auf, um zu überprüfen, ob die Mechanismen, die anhand

der Spielbewegungen das Spiel adaptieren gut funktionieren und deine Spielerfahrung

verbessern. Wenn du Genaueres wissen willst, frag deine Betreuerin nach dem Test.
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C.3 Questionnaires

C.3.1 Statistical Data

• Alter

• Geschlecht

• Beruf/Ausbildungsrichtung

technisch d sozialwissenschaftlich d geisteswissenschaftlich d andere d
• Sind bei Dir Sehstörungen bekannt? ja d nein d k.A. d

Falls ja, welche?

Falls ja, trägst du gerade Kontaktlinsen? ja d nein d k.A. d
Falls ja, welche? hart d weich d
• Digitale Spielerfahrung

– Genre

Wie oft?

weniger als einmal im Monat d mehr als einmal im Monat d
mehr als einmal die Woche d täglich oder fast-täglich d

Kompetenz

sehr kompetent d d d d d d d d d d d ohne Kompetenz —— keine

Antwort d
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– Genre

Wie oft?

weniger als einmal im Monat d mehr als einmal im Monat d
mehr als einmal die Woche d täglich oder fast-täglich d

Kompetenz

sehr kompetent d d d d d d d d d d d ohne Kompetenz —— keine

Antwort d
• Kennst Du Tetris ja d nein d
• Wenn ja, wann hast Du zuletzt Tetris gespielt?

• Wie kompetent glaubst du, bist du in Tetris?

sehr kompetent d d d d d d d d d d ohne Kompetenz —— keine

Antwort d



German Translations of the Material 134

C.3.2 After every Game

• Ich fühlte mich erfolgreich

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war gelangweilt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich vergaß alles um mich herum

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war frustriert

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fand es ermüdend

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war gereizt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich geschickt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war vollständig absorbiert

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war zufrieden

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich herausgefordert

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich musste viel Mühe aufwenden

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich gut

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
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C.3.3 Game Experience Fragebogen

• Ich war zufrieden

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich geschickt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich hatte Spaß

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war vollständig mit dem Spiel beschäftigt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war glücklich

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Es hat mich in schlechte Laune gebracht

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich dachte über andere Dinge nach

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fand es ermüdend

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich kompetent

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fand es schwierig

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Es war ästhetisch ansprechend

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
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• Ich vergaß alles um mich herum

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich gut

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war gut darin

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war gelangweilt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich erfolgreich

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich einfallsreich

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich hatte das Gefühl, dass ich Dinge erforschen konnte

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fand Gefallen daran

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war schnell dabei, die Ziele des Spiels zu erreichen

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich genervt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich unter Druck gesetzt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich gereizt
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gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich verlor mein Zeitgefühl

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich herausgefordert

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fand es beeindruckend

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war tief konzentriert im Spiel

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war frustriert

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Es fühlte sich nach einer reichhaltigen Erfahrung an

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich habe die Verbindung zur Außenwelt verloren

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich unter Zeitdruck

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich musste viel Mühe aufwenden

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
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C.3.4 Post-Game Fragebogen

• Ich fühlte mich wie neu belebt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich schlecht

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fand es schwierig, in die Realität zurückzukommen

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich schuldig

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Es fühlte sich wie ein Sieg an

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fand es war Zeitverschwendung

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich angeregt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war zufrieden

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war desorientiert

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich erschöpft

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich hatte das Gefühl, dass ich sinnvollere Dinge hätte machen können

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
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• Ich fühlte mich mächtig

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte mich ausgelaugt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich fühlte Reue

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich habe mich geschämt

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich war stolz

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
• Ich hatte das Gefühl, als ob ich von einer langen Reise zurückgekommen wäre

gar nicht d ein bisschen d moderat d ziemlich d extrem d —— k. A. d
Vielen Dank für Deine Mithilfe.
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