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Abstract

The "Ideal Path Score" developed in this work is able to improve adaptivity of serious games by
more accurately estimating performance and need for help based on players’ interactions and eye
movements.

The automatic personalization of adaptive e-learning systems supports effective learning for users
with varying levels of knowledge and skills. Particularly in games, indicators informing adaptivity,
like attention and performance of the player, should be assessed non-invasively to avoid interrupting
the player’s flow experience. Passive sensors like eye tracking can solve this challenge.

This work examines whether correlations between eye tracking data and attention exist and how
eye tracking can improve adaptivity decisions, e.g. when and what should be adapted. To achieve
this, an "Ideal Path Score" was developed which assesses performance and attention of players based
on eye movements and interactions with the game.

This approach was evaluated through a user study with n=20 participants. The developed approach
improves adaptivity in the examined game SaFIRa. Pearson’s correlation coefficient between modeled
skill level and the players subjective rating of performance increased from 0.19 to 0.30. 46 % of hints
needed by the player were displayed automatically by the improved adaptive system (16 % in the
original system). A correlation between "Ideal Path Score" and self-assessed attention could not be
shown.
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Zusammenfassung

Die in der Arbeit entwickelte "Ideal Path Score", basierend auf Spieleraktionen und Eye-Tracking,
kann die Adaptivität bei Serious Games und Computersimulationen durch genauere Einschätzung
der Leistung und Unterstützungsbedürftigkeit verbessern.

Adaptive E-Learning Systeme und Serious Games ermöglichen Nutzern mit unterschiedlichem
Vorwissen und Fähigkeiten durch automatische Personalisierung effektiveres Lernen. Adaptiv-
itätsindikatoren, wie Aufmerksamkeit und Leistung des Nutzers, sollten insbesondere bei Spielen
nicht-invasiv vom System gemessen werden, um den "Flow" des Nutzers nicht zu unterbrechen.
Passive Sensoren wie etwa Eye-Tracking bieten sich hierfür an.

Diese Arbeit untersucht welche Korrelationen zwischen Eye-Tracking Daten und Aufmerksamkeit
bestehen und wie Eye-Tracking Adaptivitätsentscheidungen verbessern kann, etwa wann und was
adaptiert werden soll. Dazu wurde eine "Ideal Path Score" entwickelt, die Leistung und Aufmerk-
samkeit des Spielers basierend auf dessen Augenbewegungen und Interaktionen modelliert.

Im Rahmen eines Experiments mit n=20 Teilnehmern wurde dieser Ansatz evaluiert. Der entwick-
elte Ansatz verbessert die Adaptivität des untersuchten Spiels SaFIRa. Der Pearson-Korrelations-
koeffizient zwischen modellierter Fähigkeit und vom Spieler selbsteingeschätzter Leistung steigt
von 0.19 auf 0.30. Die vom Spieler benötigten Hinweise werden in 46 % der Fälle automatisch vom
System angezeigt (16 % im ursprünglichen System). Eine Korrelation zwischen "Ideal Path Score"
und selbsteingeschätzter Aufmerksamkeit konnte nicht festgestellt werden.
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1
Introduction

Skills and prior knowledge of learners can vary to a large extent. While traditional teaching was
often bound to a “one size fits all” approach due to practical reasons, digital tools provide new
opportunities through adaptive, personalized e-learning. By observing and modeling the learner
automatically, an adaptive e-learning system can select the appropriate next steps for that individual
learner, thereby enabling a more effective and more motivating learning experience [Str16]. This
adaptivity is most often based on measuring the abilities of the learner either implicitly or explicitly.

Serious games designed for learning should not only adaptively guide the learner to the next
learning goal but in addition also sustain a flow experience for the user [Che07]. This flow, a balance
of challenges and skills, can keep the learner self-motivated and is an important aspect of effective
serious games. Each individual player’s flow experience is different depending on his abilities,
therefore adaptivity of serious games towards the player’s flow and attention is a promising approach.

The vision pursued in this thesis is a system estimating players’ attention and performance based
on eye tracking in order to improve their flow and learning through adaquate adaptivity (figure 1.1).

Figure 1.1: In this thesis a system estimating user attention and performance based on eye tracking is
developed in order to improve adaptivity of serious games.

Motivation

For effective adaptivity, ideally the adaptive interventions would be guided by a measure of the
user’s progress and the purposefulness or goal-orientedness of his actions. A user working efficiently
towards the goal does not need further assistance while a user who is lost or moving in a wrong
direction should be adaptively assisted.

An approach to measure goal-orientedness is the definition of a metric to measure the distance
between an "ideal path" through the game and a user’s observed actions. The ideal path describes
all necessary steps to reach the goal without any unnecessary detours. An expert user would follow
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2 1 Introduction

these steps to solve the game in a straightforward way. Another user may be less experienced or less
attentive and divert from this ideal path to some extent.

To accurately judge a player based on an ideal path metric, the user’s explicit interactions (e.g.
through mouse and keyboard) are not sufficient input. The user may well have looked at the "correct"
game object and considered it for a longer time before finally deciding to interact with the wrong
object. For questions of evaluation or adaptivity this should be considered differently from a user
who did not show any attention towards the relevant next action.

The Attention Adaptivity Framework developed in this thesis integrates data collected through
eye tracking and other sensors into the existing e-learning adaptivity system ELAI. This intends to
improve existing adaptivity recommendations and to provide additional adaptivity to serious games
in order to sustain the learner’s game progress and attention.

Using an eye tracker to record eye movements provides a non-invasive way to collect input for
adaptivity decisions. This is particularly important in the context of games, as many alternatives like
explicitly testing the user through a quiz or questionnaire or offering manual settings for adaptation
interrupt gameplay and likely break the user’s flow experience. Cognitive science, psychology and
usability research have long been studying eye movements as an indicator of cognitive processes.
The developed approach builds on these findings, but the Attention Adaptivity Framework does not
solely rely on their full accuracy because interpretation of the eye movements is one among several
factors, like the user’s explicit interactions through mouse and keyboard and the ideal path through
the game.

Integrating the Attention Adaptivity Framework into the existing ELAI framework [Str15c] allows
the combination of existing didactic factors of ELAI with the factors developed in this work. This
should allow for better grounded reasoning towards adaptive actions and avoids reinventing the
wheel. Consolidating the adaptivity measures into the ELAI system also eases implementation of
attention based adaptivity into other applications as only one framework needs to be understood by
the developers to integrate comprehensive adaptivity features.

Background

The department for "Interoperability and Assistance Systems" (IAS) at the Fraunhofer Institute of
Optronics, System Technologies and Image Exploitation (Fraunhofer IOSB) researches and devel-
ops solutions in the area of computer-supported assistance systems, information management,
cooperative work and decision-making processes using interactive technology.

One focus is image interpretation for reconnaissance, i.e. the identification of structures and
objects by image interpretation experts on different image types like optical, radar or infra-red
images [Rol13]. To improve training of these image interpreters, approaches using simulations and
serious games are explored.

Figure 1.2: Adaptive serious games and simulations for image reconnaissance, image source [Str15a].
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Against this background, the "E-Learning A.I." (ELAI) was developed as a framework for intelligent
tutoring components with a special focus on interoperability [Str15c]. Its aim is to adapt serious
games and simulations "to the experience and knowledge level of the users to keep them in the
flow channel" [Str15c]. Interoperability is achieved by separating the components for intelligent
adaptivity from the serious game itself and deploying it as a separate server with whom multiple
different systems can communicate using standards like xAPI. The ELAI system is described in more
detail in chapter 3.5.1. A "proof-of-concept" prototype of the system was implemented for the Seek
and Find game "SaFIRa" [Bie16] (see chapter 3.6). My thesis builds on that protype and extends its
architecture and functionality towards better extensibility and integration of eye tracking for learner
attention estimation.

Objectives and Scope

This thesis deals with the utilization of sensor data from an eye tracking device for non-invasive
modeling of user attention and consequently its opportunities for e-learning adaptivity. This focus
fits into the overall goal of improving adaptivity for serious games regarding users’ flow experience as
well as learning outcomes.

The objectives of this work are (a) the design of eye tracking based metrics for learner modeling;
(b) the implementation of adaptivity based on these metrics; (c) the development of a framework
for easy integration of metrics into adaptive e-learning systems; and (d) the evaluation of these
approaches through a user study.

Eye tracking based metrics are to be developed to estimate "goal-orientedness" and attention of
users. The focus in this regard is to collect data and investigate correlations between eye movement
patterns, user interactions and the learner’s (self-reported) attention. The developed metrics are
evaluated through a user study.

The overarching question is how eye tracking data can be represented by metrics that provide
useful insights into such cognitive states of the learner like attention. This could support decisions
on when and what an adaptive e-learning system like ELAI should adapt.

Data from other sensors is collected during the experiments but its analysis is not part of this thesis.
Also, basic research, e.g. on eye tracking techniques, is out of its scope.

Adaptivity based on those metrics is to be implemented, improving control of existing adaptivity
interventions. However, the implementation serves as a proof of concept and is not the primary
focus of the experimental evaluation. Design of new types of adaptive interventions is not subject of
this thesis.

An A�ention Adaptivity Framework is to be implemented that allows integration of eye track-
ing into adaptive e-learning applications. The framework should be easily extensible to integrate
different sensors into the existing ELAI system. It needs to be platform and game engine independent
or easily adaptable using the xAPI standard. The development setup needs to be portable to other
machines and the framework has to be configurable through configuration files.

The hypothesis to be studied is that metrics based on eye tracking provide useful information to
measure goal-orientedness and attention of users. Furthermore I assume that such measures allow
improved adaptivity towards sustained game progress and player attention in serious games.
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Solution Approach

After implementation of a framework that allows collection and interpretation of sensor data I adapt
the existing serious game "SaFIRa" to use this framework. The designed eye tracking based metrics
are evaluated and tuned to this game and improve its existing adaptivity.

The developed Attention Adaptivity Framework enables collection of sensor data, its interpretation
and integration into the ELAI system for e-learning adaptivity. The architecture is highly modular. It
is used for implementation of the designed metrics and can serve as a foundation for further work to
leverage information from eye tracking sensors as well as other sources.

The existing serious game "SaFIRa" (described in chapter 3.6) serves as the basis for a prototypical
integration of the framework. This system is then used in a user study to collect various data, partic-
ularly from eye tracking, and evaluate the proposed metrics. The data is analysed to evaluate the
proposed metrics and derive additional correlations. The primary metric designed, an "Ideal Path
Score", combines information from user actions and eye movements to generate deeper insights on
the attention and goal-orientedness of the user. I also evaluate indicators to infer user’s cognitive
states that were proposed in related work. Particularly measures that allow general, interface inde-
pendent insights on high-level cognitive processes could present good complements to the Ideal
Path Score.

The base of this concept is an ideal path as a sequence of ideal actions that serves as a gold
standard. A suitable metric then defines distance between this ideal path and an actual user’s path.
This distance can be used to quantify a user’s performance and I term it "Ideal Path Score". Details of
the "Ideal Path" model as well as the score definition are described in chapter 4.1.

Outline

Chapter 2 summarizes the state of the art regarding adaptive e-learning, eye tracking for modeling
cognitive states and eye tracking for adaptivity in e-learning. The theoretical foundations for the
thesis are presented in chapter 3. Chapter 4 describes the developed "Ideal Path Score" to estimate
user attention and goal-orientedness in detail and discusses the rationale of that approach. Chap-
ter 5 presents the developed framework that enables integration of sensor data like eye tracking
into the adaptive cycle of the ELAI system. The developed approach is evaluated in a user study.
The experimental setup as well as detailed results regarding correlations with user attention and
improvements of adaptivity decisions are presented in chapter 6. Finally, chapter 7 gives a conclusion
and an outlook on future work.

Figure 1.3: Work breakdown structure illustrating the scope of the thesis.
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State of the Art

This chapter presents the state of the art regarding eye tracking based adaptivity in e-learning,
particularly regarding inferences on cognitive states and attention based on eye tracking data as
these topics are foundations or closely related approaches to the work in this thesis.

Section 2.1 presents related work on adaptivity of e-learning systems and serious games. Section 2.2
gives an overview of approaches measuring attention and other cognitive processes through data
from eye tracking. Approaches using eye tracking based metrics for adaptivity of e-learning systems,
closely related to this thesis, are presented in section 2.3.

Adaptive E-Learning and Serious Games

While more basic e-learning facilities like learning management systems (e.g. ILIAS) and Massive
Open Online Courses (MOOCs) are nowadays widespread, areas like the application of serious
games for learning and intelligent adaptivity towards students’ individual needs remain hot topics of
research.

Serious Games

Many digital learning games use quiz or card formats but other genres like adventure games have
also been shown to be suitable for effective presentation of a complete academic lesson and receive
positive evaluation results regarding usability and learner interest [Boe09].

Multiple psychological models are considered to provide a foundation to adaptivity in serious
games according to [Str16], including "Flow" [Csí92], Fogg’s "Behavior Change" [Fog09] and "Self-
Determination Theory" [Dec94] (see figure 2.1).

Adaptation towards an ideal flow experience also needs to consider effects on learning outcomes.
"Phases of serious game interaction that are not spent in a state of flow" are also beneficial "in order
to allow for self-aware reflection" [Str16].

Adaptive Interventions

A common adaptivity intervention is the display of adaptive hints. However, hints are seldom
actively requested by students when playing a learning game but rather presented by the system
automatically. Attention to hints does improve game performace but the attention itself is affected
by multiple factors like "hint timing and context as well as attitude toward receiving help in general"
[Con13]. Similarly, feedback and rewards based on the motivation and knowledge achievement level
are used [Ghe10].

Particularly in serious games, systems adaptively select an appropriate game difficulty [Ghe10].

5
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Figure 2.1: (a) Flow, (b) Behavior Change and (c) Self-Determination Theory are models to consider in
the context of adaptivity in serious games, image sources [Bea10], [Fog09], [Wik14].

Figure 2.2: Adaptive hints in Prime Climb [Con13] and SaFIRa [Bie16].

Implementation and Integration of Adaptivity

In addition to questions on what and when to adapt one has to consider the question of how
adaptivity can be added to existing education games "in a generic way and with a minimal effort"
[Cor13].

Corne [Cor13] uses techniques of aspect-oriented programming to extend existing serious games
with adaptivity interventions. This allows the separation of adaptivity concerns from the actual
game during development, thereby reducing development effort. [Rol05] develops a user modeling
framework following a service-oriented architecture approach.

The ALIGN (Adaptive Learning In Games through Non-invasion) system [Pei08] separates gaming
and educational adaptation to allow reusable, abstracted adaptivity based on educational concepts.
Such abstract "Adaptive Elements" are then selected for a specific game adaptation using constraints
regarding game feasibility and appropriateness (see figure 2.3). This helps to avoid Adaptive Elements
that are inconsistent with the game’s context and narrative. Rules and other probabilistic methods
are used in an "Evidence Interpretation Engine" to map game specific events to facts for educational
adaptation. [Pei08]

Semantically Annotated Learning Pathways

To enable didactically interoperable online courses Henning et al. [Hen14] propose individual
"Learning Pathways" with large freedom for the learner. These Learning Pathways are determined
based on ontological meta-data and logical (OWL) reasoners. Didactic factors are calculated individ-
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Figure 2.3: The architecture of the adaptive system "ALIGN", image source [Pei08].

ually for each learner and allow incorporation of aspects like motivation or other emotions. These
factors can also explain in hindsight why a specific learning pathway was chosen.

Semantic gameplay descriptions in the form of "case-based mappings between content and player
experience" (see figure 2.4) have also been used for generation of content individually tuned to a
players interests [Lop11]. Such semantic annotations of knowledge objects are also used in more
traditional e-learning to dynamically order lessons based on alternative didactic concepts [Swe13].

Figure 2.4: Semantic gameplay descriptions by [Lop11].

AdeLE (Adaptive e-Learning with Eye Tracking) is using the SCORM (Sharable Content Object
Reference Model) standard to provide interoperability of the learning content. To model aspects
required for adaptivity they extend the SCORM specification with additional relations and attributes
[Möd04].

Learner Modeling and Classification

Learners can be categorized regarding their representative feature vectors using unsupervised clus-
tering algorithms like k-means. The resulting clusters can then be interpreted using objective
information about learning gains of those learners or using expert judgements (i.e. incorporating
some supervised classification approach) [Ame07]. The AdeLE system also groups "similar user
profiles or user behaviour types" using collaborative filtering [Bar04].

MoGAME (Motivation based Game Level Adaptation Mechanism [Ghe10]) assesses the player’s
motivation level from interactions logs containing information such as time spent reading a concept,
average time interacting with the system, the number of visited pages and the number of help
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requests. In addition, the knowledge achievement level is estimated from course knowledge and
knowledge achievement speed. [Ghe10]

INTUITEL uses a "Learning Progress Model" to integrate information about the user from multiple
data sources, including learner data from the LMS and pedagogical and domain knowledge. This
Learner Progress Model could also integrate other data items "like emotional or stress measurements
involving bodily interfaces to the learner". [Str13]

The ELAI (E-Learning Artificial Intelligence) system also provides a step towards interoperability
of adaptivity strategies [Str15c]. This thesis builds upon the ELAI framework and summarizes the
system in detail in chapter 3.5.1.

Problem Space as Finite Automata Model

For the ELEKTRA project ([Alb07], [KR10], [KR06]) an approach to microadaptivity in complex
learning situations like game-based learning was developed which is based on the information
processing theory of human problem solving. This concept has similarities to the Ideal Path model,
which is the base of my metrics as described in chapter 4.1.

The problem space, i.e. "the set of all problem states a task environment may take", is similar
to a finite automata model. It contains an initial state as well as some "solution states, in which
the problem is considered to be solved". Similar to the approach of calculating the distance to an
"ideal path", they propose to score the "correctness" of a problem state by comparing it to a solution
state. To avoid an infinite problem space in contexts like games with large freedom for the player
to choose and act, they introduce "position categories" to discretize the possible problem states
and can thereby work in a finite problem space (see figure 2.5. A correctness value is then manually
assigned to each of the position categories to allow quantification. [KR10]

Figure 2.5: Discrete solution states to limit the problem space, image source [KR10].

To model specific skills and a learner’s knowledge even when only reaching a partially correct
state, an ontological structure of skills and position categories is modelled (see figure 2.6). Specific
skills are assigned to a position category as required and allow fine-grained inferences on a learner’s
knowledge through the skill states of his learner model. This allows a "continuous and implicit
assessment" suitable to learning games rather than a traditional assessment through test problems.

The learner model can then inform appropriate adaptive interventions. A range of possible
interventions is proposed: "Skill activation" of presumably known skills, "skill acquisition" to teach
missing skills, "motivational adaptive interventions" to get the user (re)involved and "assessment
clarification" if the system’s learner model receives contradicting evidence. [Alb07]
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Figure 2.6: Ontology of skills for microadaptivity, image source [Alb07].

Eye Tracking for Modeling of Cognitive States

Eye Tracking for Evaluation of Usability

Traditionally, eye tracking was mainly applied for research in usability. Such studies often use
fixations on objects or areas of interest (AOIs) for evaluation of user interfaces. The fixation frequency
is used as a measure of the area’s importance, the fixation duration as a measure of difficulty of
information extraction and interpretation [Jac03].

Good interfaces result in shorter scanpaths (i.e. saccade-fixate-saccade sequences) that cover a
smaller area [Gol99].

Eye tracking has also been used to evaluate adaptivity in digital learning games, e.g. regarding
students’ attention to adaptive hints (figure 2.7), using fixation duration, fixations per word and time
to first fixation as parameters for analysis [Con13]. The total fixation time presents a simple and
intuitive measure whether (and how much) the user paid attention to a displayed hint.

Figure 2.7: Eye movements in a serious game during a study on adaptive hints, image source [Con13].

Eye Movement Pa�erns

[Gid13] aim to make general inferences that do not rely on what exactly is looked at, thereby dealing
with the fact that decision making involves very individual choice of what information is relevant.
Instead of semantically interpreting specific AOIs, patterns of fixations and refixations are used
for classification. The cognitive process of choosing a product in the supermarket is classified by
using eye tracking to identify the transitions between three stages of the decision making process:
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orientation, evaluation and verification. For example, a switch from orientation to evaluation is
inferred from the first refixation of an object that had already been fixated before. Differences
between search and decision tasks were found regarding the number of re-fixations in the second
and third stages. [Gid13]

Cognitive Load Estimation

Cognitive or mental load refers to the effort a person puts into a problem solving task.
Pupillometry can be used to estimate this load. The mean pupil diameter change (MPDC), the

difference between pupil diameter during a specific period and the overall average pupil diameter
for a person, correlates with task performance measures [Pal10]. The pupil is dilating during high
cognitive load [Pal10]. Increase in pupil size and blink rate was also reported by [Tak00] to correlate
with mental work load, who in addition report that saccade length and rate also corellate with it.

Pupil diameter has peaks when relevant user behaviors in an e-learning environment occur, e.g.
when the user discards an incorrect answer option or selects an answer, showing that pupil size is an
indicator of mental effort and processing [Can12].

Blink frequency increases over time on a task and [Fuk05] suggest based on their findings that
"pupillary measures, blinks, and eye movements assessed together may be used to track aspects of
alertness and active information processing."

Velocity of saccades as the ratio of peak velocity to duration (PV/D), relative pupil diameter and a
new measure, the bit rate of visual percepton (BRVP) introduced by [Uen04], show high correlations.
As decline in PV/D is reported to reflect decline in alertness, saccade dynamics allow assessment of
alertness [Uen04].

Saccadic velocity is also said "to increase with increasing task difficulty" [Güt04].

Estimation of Tiredness

Saccadic velocity "is said to decrease with increasing tiredness" and "blink rate, decreasing blink
velocity and decreasing degree of openness may be indicators for increasing tiredness" as cited by
[Güt04].

Eye Tracking for Measurement of Immersion and Flow

[Jen08] work towards a clearer definition and objective measures for immersion, a term widely used
to describe the degree to which players are engaged in a game. They find that immersion can not
only be measured subjectively through questionnaires but also objectively through task completion
time and eye movements. While eye movements between different games seem hardly comparable,
eye movements over time within a game differed for immersive and non-immersive conditions. Eye
movements, as the number of fixations, increased over time for the non-immersive condition, while
eye movements significantly decreased in the immersive condition or showed no significant change.

However, inferences based on generic, interface independent measures need to consider that
eye movements are highly task and context dependent. [Sch11] report from their comprehensive
literature review that eye movements are controlled by task demands, resulting in large differences
for example between passive viewing and an active task. Studies also showed that eye movements
are selected to maximize information gain, thereby correlating with "ideal" eye movement behavior
[Sch11].
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Eye Tracking for Adaptivity

Eye tracking can be helpful for evaluation of adaptive systems as well as to provide real-time infor-
mation for adaptivity [Bed05]. Eye tracking is particularly interesting for adaptive systems and user
modeling as the data can be recorded non-invasively without interrupting the user. This makes eye
tracking suitable for adaptivity in serious games during which players’ flow should not be disturbed.
Hence eye tracking is also the technique of choice for my thesis. Table 2.2 provides an overview of
the different uses of eye tracking data reported in related work which are presented in the following
subsections.

For evaluation, eye movements can "quantify whether the decision of the adaptive system were
visually attended by the users" [Bed05] and in general analyze user behavior and assess adaptive
systems. But going beyond this posterior analysis, real-time gaze data and cognitive processes
inferred from it are also suggested as a new source for adaptation, for example providing information
on the user’s reaction to the adaptivity decision or the user’s cognitive workload [Bed05].

Design of suitable metrics could start off with analysis of collected data in a posterior analysis and
then integrate promising metrics as data sources for an adaptive system and evaluate them.

For real-time adaptivity, eye movement data can be used in different ways, from directly attentive
user interfaces (e.g. displaying translations when detecting difficulties of the reader with a word
[Hyr00] or showing contextual information in an e-learning system [Cal08]) to models of abstract
meta-cognitive states of the user in order to improve a system’s adaptivity decisions.

Visual Pa�erns Using Areas of Interest

Based on the EVADEG framework, which evaluates serious games regarding aspects of learning
performance, gaming experience, game usability and adaptive features, [KR11] use eye tracking to
better measure the quality of serious games. They find that high and low performing learners "exhibit
different visual patterns". High performers spent more time playing the game, had longer saccades
and looked at relevant Areas Of Interest (AOIs) more frequently.

Observing fixations on different AOIs and their relative importance are commonly used to measure
learner interest (e.g. [Wei09]).

Students selecting the correct answer from multiple choices exhibit clear gaze patterns (figure 2.8),
not revisiting answers they have discarded and looking more frequently at answers they are unsure
about [Can12].

Figure 2.8: Heatmap highlighting the most watched areas during selection of an answer, image source
[Can12].
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Feature Inferences

Generic Measures

Fixation Duration be�er learners have longer time played/fixations/saccades [KR11]

Fixation Duration duration of a fixation correlates with participants’ di�icultness to process the fixated
object [Bed05], [Jac03]

Fixation Frequency number of fixations over time tend to increase under non-immersive conditions, decrease
under immersive conditions [Jen08]

Saccadic Velocity saccadic velocity decreases with tiredness, increases with di�iculty [Bar04], [Güt04]

Saccadic Velocity decline of velocity of saccades (as ratio of peak velocity to duration) reflects decline in
alertness [Uen04]

Blink Frequency blink velocity/frequency correlates with tiredness [Bar04]

Blink Frequency increasing blinks over period of time indicates tiredness [Cal08]

Blink Frequency increase in blink rate and pupil size correlates with mental workload [Tak00]

Pupil Diameter pupil is dilating during high cognitive load [Pal10], [Tak00]

Pupil Diameter high increase of pupil size detected when user is disoriented [Cal08]

Pupil Diameter pupil diameter change peaks occur with important actions (telling answer,
identifying/discarding a solution) [Can12]

Pupil Diameter increasing pupil diameter over period of time indicates tiredness [Cal08]

Pupil Diameter fatigue indicated by smaller amount of pupil dilation [Wan05]

Pupil Diameter pupil size could not contribute to predict self-explanation behaviour [Con07]

Mixed cognitive workload estimated by number of blinks, number of fixations, mean pupil
diameter [Cal08]

Mixed gaze trends (e.g. rate of fixations) only improves classification of learning performance in
combination with AOI-based features [Bon13]

Task-Specific Measures

Fixation Duration duration looking at region of interest used to classify/highlight sections learned [Cal08]

Fixation Duration duration looking at textual/graphical objects helps to classify verbal/visual learner style
[Meh11]

Fixation Frequency fixation frequency is a measure of a display’s importance [Jac03]

Pupil Diameter three typical phases of e-learning activities: “searching”, “viewing”, “preparation”; in
searching stage pupil size much larger than in viewing phase. [Can12]

Gaze Shi�s gaze shi�s between two related relevant regions indicate "self-explaining" (project ACE:
[Mer06], [Con], [Con05])

Gaze Shi�s stages of decision making for choice (orientation, evaluation, verification) can be
identified by fixation pa�erns [Gid13]

Gaze Shi�s frequent refocusing on di�erent cells of the game board interpreted as uncertainty
[Wet14]

Table 2.2: Summary of eye tracking features used in related work.
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A strong correlation exists between fixation times on AOIs containing textual / graphical learning
objects and the student’s learner style regarding the Visual / Verbal dimension of the Felder-Silverman
Learner Style Model (FSLSM), therefore allowing classification of learning styles based on eye tracking
[Meh11].

Estimation of Learning, A�ention and Challenge

To predict whether a student falls into the group of high or low learning performance a combination
of interface specific AOI-based gaze features and general gaze trend features are most successfull -
even without use of interaction behaviors or other not gaze related inputs [Bon13]. While gaze trend
features alone (rate and number of fixations, mean and SD of fixation duration, mean and SD of
saccade length, mean and SD of relative path angles, mean and SD of absolute path angles) could not
predict students to show high or low learning performance, those features did significantly improve
predictions when added to AOI-based features (fixation rate in AOI, proportion of fixation time and
number in AOI, duration of longest fixation, proportion of transitions from every other AOI). To avoid
overfitting [Bon13] performed a cross-validated feature selection. These classifiers are also suitable
for real-time, online prediction of student learning that could inform adaptivity.

Virtual agents that react based on information where the user looks (i.e. the number and location
of fixations) can help the user to better concentrate on the current topic [Wan05]. Reactions of those
virtual agents were also prompted by estimations of the user’s declining interest and fatigue, inferred
from a smaller amount of pupil dilation and reduced activity of eye movements and mouse/keyboard
interactions [Wan05].

Artificial intelligence (AI) for computational opponents in games can also benefit from inputs of the
human player’s "psychophysical measures" in order to reduce frustration and improve the gameplay
experience by choosing an appropriate difficulty level [Wet14]. The AI was artificially limited to fields
that received user attention (i.e. fixations). Additionally the AI skill level was parametrized among
other factors with the player’s confidence. The confidence was inferred from the player’s previous
moves and progress as well as his eye movements, where frequent refocusing on different cells of the
board was interpreted as uncertainty. [Wet14]

The AdELE Framework

The AdELE (Adaptive E-Learning through Eye Tracking) framework combines an Eye Tracking Mod-
ule, a Content Tracking Module and interactive dialogs to model the learner’s state and control
appropriate adaptivity [Bar04].

Their eye tracking data provides "hints about concentration, excitement or tiredness of the learner"
[Bar04]. Eye tracking helps to distinguish user behaviors (learning, reading, searching in text, observ-
ing a picture or reading a text, looking on the navigational elements), but it is "important not to rely
exlusively on eye tracking data, but to supplement it also with constant user feedback" and uphold
best practice of user experience: To allow the user to take the final decision [Piv05].

To enable teachers to create content suitable for adaptive e-learning, an authoring tool is proposed
that provides semi-automatic tagging with meta-data and an adaoption engine that dynamically
compiles personalised content [Piv06].

Predicting Learner Self-Explanation: The ACE System

ACE (Adaptive Coach for Exploration) is an intelligent learning environment aimed to "support
student-led exploration of mathematical functions", allowing learners to experiment with a formula
and its plot.

Eye tracking data improves the modeling of student exploration compared to models solely based
on interface features like actions and standard deviation and latency between actions [Ame07]. The
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eye tracking features employed were gaze shifts between two areas of interest of the e-learning
application as well as non-salient regions. "Gaze shifts may be important mostly in discriminating
between time spent reflecting on an action’s results and idle time" [Ame07].

Gaze shift patterns to observe the relation between a formula at one AOI and a corresponding
graph at another AOI are used to classify self-explanation behavior (figure 2.9), improving these
models of meta-cognitive behavior [Con05], [Mer06]. The gaze shift feature did not show a clear
advantage in classification accuracy compared to a feature based on the duration of interaction but a
combination of time and gaze based features is suitable to reach best sensitivity (i.e. detect most
cases of true self-explanation) [Con05].

Figure 2.9: The ACE environment uses gaze shifts between a plot and its formula to classify self-
exploration, image source [Con07].

Pupil size could not predict self-explanation using any of multiple normalization techniques,
which may be related to the specifics of self-explanation or confirm doubts of other studies about
pupil size as an indicator of cognitive load in general [Con07].

Good results from a combination of interaction and eye tracking features were confirmed by
[Kar11], who built on those previous experiments and demonstrated that their non-task-specific
eye tracking features only relying on a few basic AOIs exploited by data mining techniques can lead
to an accuracy of 84.51% when used to classify high/low learning performance in combination
with interaction features. The eye tracking features consisted of statistics on fixation rate, number
and duration, saccade length, relative and absolute saccade angles and transitions between AOIs.
Interaction features comprised "usage frequency for each action, as well as mean and standard
deviation of time interval between actions".

The e5Learning System

The e5Learning system [Cal08] integrates eye tracking for multiple aspects: A monitor of accessed
screen areas, a contextual content generator and an emotion recognizer. The accessed (looked at)
screen areas are monitored with regard to an amount (duration) of attention the user should pay
to certain portions of content (see figure 2.10). Based on this information the system recommends
whether the user should stick with the current lesson or move to the next [Cal08]. Exact evaluation of
reading progress is only possible on large text because of the limited precision of the eye trackers,
but heuristically progression is checked to lead from left to right, top to bottom while non-textual
areas have a number of fixations or duration defined by the content author [Por08].

The contextual content generator of e5Learning dynamically displays context dependent informa-
tion based on the user’s visual focus.

The emotion recognizer is based on changes in the rate of blinks, rate of fixations and mean pupil
diameters. A decrease of blinks, increase of fixations or increase of mean pupil diameter are used
as indicators for high workload or non-understanding. A "high increase of pupil size between two
consecutive samplings" usually signifies that the user is "disoriented". If the mean pupil diameter
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is monotonically increasing over several intervals, tiredness is suspected and for confirmation it
is checked whether the number of blinks is also monotonically increasing. Participant verbally
confirmed those cognitive states in 79%-83% of cases during an experiment. [Cal08]

Figure 2.10: The e5Learning system monitors how much specific screen areas are accessed, image
source [Cal08].





3
Fundamentals

A�ention and Flow

Chapter 4 discusses the overarching goal of this thesis, that is to create a sustained flow experience
for which I am are focusing on user attention. In the following the theoretical concepts of flow
(section 3.1.1) and attention (section 3.1.2) are summarized. The theoretical model of visual attention
(described in section 3.1.2) bring together theories on attention and eye movements.

Flow

The concept of flow [Csí92] describes the state of intense concentration on an activity to an extend
that one loses self-consciousness and sense of time. During flow experience one feels in control of
one’s actions and experiences the activity as intrinsically rewarding. Flow experience results from
a system of person, environment and interactions. An important aspect to this is that challenge
and skills are subjectively perceived as balanced (see figure 3.2) and above average for the activity
[Nak02]. "Flow" represents the high challenge, high skill facet of Csikszentmihalyi’s model of mental
states (see figure 3.1).

Figure 3.1: Mental states of the Flow Model according to [Csi97], image source [Bea10].

The relation between challenge and abilities is often described as the flow channel or flow zone.
Conditions for flow are individual. An expert has a different flow channel than a novice, therefore
designers should provide choices that allow to adapt the experience of the individual user (see
figure 3.2). However, in games frequent explicit choices could interrupt gameplay. It is best to embed
choices into the core activities of the user [Che07].

17
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Figure 3.2: Flow zone factors (a) are different for different players (b) therefore designers adapt flow
experience through choices (c), image source [Che07].

To measure flow often qualitative interviews are performed or standardised questionnaires are
applied. To observe flow experiences over longer periods of time the "Experience Sampling Method"
can be used, for which participants are requested to rate their current experience when triggered by
a device at random times [Che06].

Studies of flow in software and games mostly use questionnaire techniques to get self-reported
levels of concentration, involvement and enjoyment from participants [Nak02], [Chi08], [Nac08].

The "GameFlow" model evaluates games with regard to their enjoyment and flow based on eight
elements: concentration, challenge, skills, control, clear goals, feedback, immersion and social
interaction [Swe05]. They find that their GameFlow model’s focus on aspects of flow is a useful
tool to review enjoyment in games. "EGameFlow" adapts this approach specifically to e-learning
games [Fu09]. Their resulting dimensions are immersion, social interaction, challenge, goal clarity,
feedback, concentration, control, and knowledge improvement.

A�ention

Attention as a cognitive process is the selective concentration on one aspect of the environment
while ignoring others [Wic00].

People have a limited amount of attention at their disposal [Kah73]. If not enough attention is
available (and applied) to a task, mistakes increase and performance in general suffers.

Figure 3.3: Attention seen as a limited resource required for cognitive processes, image source [FAA].

However, human information processing can be classified as "controlled processing" or "automatic
processing" [Shi77]. While controlled processing requires consciously directing attention towards



3.2 Eye Tracking 19

the task, automatic processing does not require attention and happens unconsciously. Whether or
how much attention is needed for a specific task varies between people. A novice user may need to
fully concentrate on some task which an expert hardly thinks about.

The term "visual attention" refers to a person’s foveal focus on some object or area. This usually
indicates that the person’s attention is directed at this point. However, attention can also be directed
at areas other than the foveally viewed area [Duc07].

Visual A�ention

For this thesis, modeling attention based on eye movements, the visual aspects of attention are
particularly relevant. A visual scene is attended in small regions, constructing an overall representa-
tion in the mind. Two main components of visual attention are the aspects of "where" and "what"
[Duc07].

Where? The gaze continually roams over the visual field. The process of visual selection, deter-
mining where one’s attention is attracted and one will look next, is often based on peripheral vision.
Attention can be controlled consciously to attend peripheral objects without eye movement but eye
movements signify overt visual attention as they indicate detailed inspection of an object. [Duc07]

Where visual attention is attracted is not only determined by effects of salience (i.e. how much an
object stands out in the given context), task demands and value are also important factors for the eye
movements. Also eye movement strategies can differ for experts and novices [Sch11].

What? To perceive details the fovea is focused at the area of interest and allows to inspect features
at high resolution [Duc07].

A bo�om-up model of visual a�ention assumes the scene is first screened through peripheral
vision to identify interesting features. Attention is then turned to the first area of interest, moving
the fovea to this point. Once the movement is complete, the feature is inspected at high resolution
before moving to the next area of interest. [Duc07]

While this model is clearly a simplification of the actual processes, it provides a good basis for
computational models [Duc07].

Eye Tracking

Eye movements allow inferences about the cognitive state of a person and in particular where (visual)
attention is focused. An eye tracker can record this information noninvasively, therefore this is the
instrument of choice for my Attention Adaptivity Framework.

In the following, the basic functioning of an eye tracker is summarized (section 3.2.1), relevant
terms and measures of eye movement are defined (section 3.2.2) and guidelines on data quality
presented (section 3.2.3) The foundations presented in the following sections are based on [Duc07].

Functionality

Common modern eye tracking devices are fixed to the computer display and operate video based.
Infrared light emmitted by the device is reflected by the user’s eye. This corneal reflection is recorded
through the eye tracker’s camera and using the position relative to the pupil center x-/y-coordinates
are calculated, describing where the eye looks on the screen. [Duc07]
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Terms and Metrics

Eye movements consist of fixations, when gaze is maintained on one location, and saccades, when
gaze is shifted to a different location in a quick movement.

Fixations allow the perception of details through the fovea, which is the part of the human eye
responsible for high resolution, central vision. About 90% of viewing time is spent in fixations and a
fixation usually lasts between 150 and 600 milliseconds. Visual perception is focused on an area of
an angle of 1-5°, therefore taking in around 3% of a 21 inch screen at 60 centimeters distance.

However, the eyes are never completely still as microsaccades involuntarily shift the gaze slightly
during fixations. This is necessary to overcome adaption of the visual cognitive system because a
completely static perception would not generate any neural response. [Duc07]

Saccades are fast eye movements to reposition the fovea, which occur between fixations. Dur-
ing saccades the eyes move at maximum speed and there is no perception during this transition.
Saccades usually last around 10-100 milliseconds.

Eye trackers detect saccades by analysing velocity and position variance of the gaze through a
sliding window of samples. [Duc07]

Blinks refer to the closing of the eyes for a short time to spread a thin film of tears over them
[Gal01]. While blinks need to be filtered out as noise for normal eye tracking [Duc07], blink data itself
has been used as an indicator for tiredness [Bar04], [Cal08].

Data �ality

Holmquist et al. [Hol12] argue for standards regarding evaluation and reporting of data quality in
eye tracking experiments. With my focus on eye tracking data in this thesis, dependable data quality
is important. As part of the conducted experiment I report the quality of my collected eye tracking
data in chapter 6.4.1 following Holmquist’s guidelines.

The required data quality and accuracy of eye tracker measurements depends on the purpose
for which the data is applied. Off-the-shelf eye tracking devices often suffice to observe basic gaze
interaction with larger Areas of Interest (AOIs), while research concerning psychology, neurology or
reading require better data quality.

Eye tracker quality can be measured through calibrations (i.e. requesting the user to look at known
locations of the screen) and should consider varying positions as accuracy usually is best in the
middle of the screen. It is measured as accuracy, i.e. the distance (in visual degrees) between actual
and measure gaze position, and precision, i.e. the variance in accuracy, commonly estimated through
"standard deviation of the samples" or "root mean square (RMS) of inter-sample angular distances".

Participants or data samples of bad quality need to be excluded from analysis. The criteria used
regarding this should be mention in resulting reports. [Hol12]

[Hol12] propose a standard report on data quality for research using eye tracking. The data quality
measures publications should report are shown in table 3.1. Also the detection algorithms used
should be specified.
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Data quality Average SD

Calibration accuracy

Accuracy just before end of recording

Calibration precision

Precision just before end of recording

Accuracy a�er post-recording processing

Precision a�er post-recording processing

Proportion of dismissed participants

Proportion of lost data samples in retained data

Table 3.1: Proposed format by [Hol12] for data quality reports in eye tracking studies.

Serious Games

The term "serious game" refers to games whose primary purpose is not entertainment but rather
education or another "serious" aim. Prensky [Pre07] has coined the term "digital game-based
learning" for serious games with a focus on utilizing digital games for educational purposes.

Digital Game-Based Learning

Learning is most effective when the activity is active, experiential, problem-based and providing im-
mediate feedback and games often have those characteristics [Con12]. This is particularly promising
because games often are much more engaging than traditional teaching.

The fact that games usually provide intrinsic motivation and immersion is central to keep learners
engaged. Digital game-based learning can be considered to fall into the category of "Practice Doing"
of the learning pyramid (see figure 3.4), which shows a much higher retention rate of students than
traditional lectures.

Figure 3.4: Learning games as "Practice Doing" show high retention rates.

A number of studies have shown computer games and serious games to have positive learning
outcomes regarding skills, cognitive (e.g. strategic knowledge) and affective (e.g. attitudes) outcomes
[Con12].
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Immersion and Flow in Games

Multiple terms are used to describe gaming experiences, among the most frequently used are
"immersion" and "flow".

Immersion describes the feeling of "being in the game", having almost all attention focused on
the game to an extend that one loses track of time and ones surroundings [Jen08]. Immersion
is considered to be a gradual experience, with levels from engagement to engrossment to total
immersion or "presence".

Different aspects contribute to the immersive experience: Sensory immersion, imaginative immer-
sion (influenced by atmosphere and narrative) and challenge-based immersion (which is comparable
to Csikszentmihalyi’s concept of flow) [Nac08].

Flow is closely related to immersion. Flow can be seen as an important part of immersion although
immersion is considered a more gradual experience and can be observed even without traditional
aspects of flow, like clear goals [Jen08].

Adaptive E-Learning

The digital nature of e-learning makes extensive personalization possible. As learners’ characteristics
like incoming knowledge and skills, cognitive abilities, personality traits, learning styles and interests
vary vastly, learning performance can be improved by catering to individual needs and preferences
[Shu03].

A commonly adapted parameter, particularly in serious games, is task difficulty (Dynamic Difficulty
Adjustment). The task difficulty adjustment strategy in relation to a user’s prior video gaming
experience does influence learning outcomes. Video game experience leads to higher performance
and motivation regarding the learning game, for inexperience gamers careful difficulty adaption
influences training performance [Orv08].

Adaptivity in learning games requires special attention as "adapting a game to enhance its educa-
tional benefit endangers its intrinsic motivation and flow" [Pei08].

Adaptability and adaptivity describe two slightly different aspects. While "adaptability" indi-
cates that a system can be changed (often manually) for different contexts, "adaptivity" indicates
that a system automatically changes [Str16].

Learner Model

A learner model represents the learners’ characteristics that are relevant to the adaptive e-learning
system. It often is the foundation for personalization of the learning experience. Learner models
can be domain-dependent, refering to the present knowledge, or domain-independent, refering to
general abilities and personality traits. Microadaptivity, i.e. the custom selection which knowledge
element should be presented next, is based on domain-dependent models, while macroadaptivity,
i.e. to determine how content should be presented, relies on domain-independent learner profiles.
[Shu03]

There are different approaches to model a learner. For a simple "Stereotype Model" learners are
simply categorized manually. An "Overlay Model" maps the learner’s knowledge "on a concept-by-
concept basis", allowing more flexible modeling but also requiring a more complex modularization
of the learning content. [Con02]
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Content Model

A content model represent a "knowledge map" to be taught. In order to enable automatic inferences
and adaptivity, the learning objects often need to be structured and semantically annotated [Shu03].

Adaptive Cycle

Adaptivity in educational systems can be modeled as a cycle of four processes [Shu12]: Capture,
Analyze, Select and Present (see figure 3.5). First the system captures information about the learner,
this can include different aspects and sources like performance data or eye tracking. Then the system
analyzes the captured data to update a learner model or directly adapt certain aspects of the system.
Selecting appropriate content with regard to the learner’s state and the system goals and presenting
content in the best way (e.g. the most appropriate media) for the learner conclude the cycle with
their adaptions to the system’s output.

This cycle can also be implemented partially as needed, for example not selecting content but only
using the results of analysis to adapt presentation [Shu12].

Figure 3.5: Adaptivity in educational systems as a 4 phase adaptive cycle, image source [Str16].

E-Learning Interoperability

With the increasing significance of digital game-based learning systems, the educational ecosystem
gets more complex, comprising different learning management systems, simulations and learning
games. To allow some integration of those systems and make intelligent adaptivity of learning
experiences feasible there is need for an interoperable intelligent tutoring agent framework [Str15c].
This includes extensible frameworks and architectures like ELAI (section 3.5.1) as well as common
formats to exchange data, for which xAPI was designed (section 3.5.2).

E-Learning A.I. (ELAI)

This thesis builds on the "E-Learning A.I." (ELAI) system by [Str15c].
The ELAI system provides a way to decouple game and adaptivity concerns. The system uses

HLA interfaces, information is mainly transmitted in the xAPI format. "Interpretation Engine"
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and "Influence Engine" components build learner models and use them to calculate adaptivity
parameters respectively, which are then transmitted back to the game implementation to control the
game’s concrete adaptivity (see figure 3.6).

Figure 3.6: The conceptual architecture of the ELAI system, image by Streicher based on [Str15c].

xAPI

The "Experience API" (xAPI, also called "TinCan API") is a standard to record any experience in a
common format. Compared to previous specifications for e-learning like SCORM (Sharable Content
Object Reference Model), xAPI is simpler and more flexible. It is possible to define relevant Activities
and therefore record any kind of learning experience, offline or online, traditional teaching or from
learning games [Rus].

xAPI is following the principles of REST (Representational State Transfer), using the standard HTTP
methods and data in the JSON format.

The following definitions are taken from the official xAPI specification [xAP].
Every record in xAPI is a Statement, which follows the structure "I did this". A Statement comprises

at least an Actor, Verb and Object and can include additional data like a Result.

Actors identify an Agent (e.g. a person) or Group who is the subject of the experience. The
information of an Actor includes name and a unique identifier like an e-mail address.

Verbs describe the action performed during recorded experiences. A Verb most importantly has
an URI to define it uniquely and can include a label for display. The xAPI standard does not define
concrete verbs as those need to be specifically relevant to a community of practice. A public directory
of verb definitions exists at (https://registry.tincanapi.com/#home/verbs) to allow reuse.

Objects usually are Activities but can also be Sub-Statements, Statement References or Agents.
An Activity includes a unique identifier and optionally a definition specifying details like name and
description.

Results are optional data objects to describe the measured outcome of Statements. A Result can
include information like whether the Statement was successfull and complete, its duration and a
Score.
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{
"actor":{

" objectType ": "Agent",
"name":" Example Learner ",
"mbox":" mailto : example . learner@adlnet .gov"

},
"verb":{

"id":"http :// adlnet .gov/ expapi /verbs/ attempted ",
" display ":{

"en -US":" attempted "
}

},
" object ":{

"id":"http :// example . adlnet .gov/xapi/ example / simpleCBT ",
" definition ":{

"name":{
"en -US":" simple CBT course "

},
" description ":{

"en -US":"A fictitious example CBT course ."
}

}
},
" result ":{

"score":{
" scaled ":0.95

},
" success ":true ,
" completion ":true ,
" extensions ": {

"http :// example .com/ profiles / meetings / resultextensions /
minuteslocation ": "X:\\ meetings \\ minutes \\
examplemeeting .one"

}
}

}

Listing 3.1: Example xAPI Statement in JSON format including Result.

Extensions allow a flexible way to add additional information to an Activity definition, Statement
context or Result. Extensions are defined by a map where the keys must be IRIs. The values of exten-
sion fields are specific to an application or standard agreed upon outside of the xAPI specification.

SaFIRa

SaFIRa ("Seek and Find for Image Reconnaissance adaptive") is a serious game developed at Fraun-
hofer IOSB for demonstration of ELAI in use with an actual learning application. The game is
intended for training of experts in image reconnaissance, who have to analyse images from radar,
infrared or other sensors. SaFIRa embeds a similar task - map-based orientation to find a specific
tank in a city - into a game-like context.

The game was extended by Biegemeier [Bie16] within the scope of his thesis and that version of
SaFIRa with its ELAI integration and adaptivity is the foundation for my experiments and the target
of my adaptivity improvements using eye tracking. My specific Ideal Path Score (see chapter 4.1) is
also customized to the SaFIRa game.
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The objective of the game is to find the target tank while navigation through a city with the player
avatar. To win the game, the avatar must move directly to this target tank as shown in figure 3.7 (c).

The game contains an introduction comprised of a number of screens with a short explantory text
and annotated screenshots to explain the controls and objectives to novice players (see screenshot (a)
in figure 3.7). In addition, an in-game virtual assistant can provide the task description and offer
concrete hints on how to reach the target, as shown in figure 3.8.

During the game the player has a bird’s eye view of a part of the city, which is comprised of an
OpenStreetMap map as the ground plane and basic 3D models of the buildings as shown in figure 3.7.
The symbolic player avatar, a sphere, is always positioned at the center of the screen and move on
the streets as directed by the player. Movements are controlled by double clicking on the map. This
positions a flag towards which the avatar then finds its way along the streets (see screenshot (b) in
figure 3.7).

By moving the avatar the player gets to see a new part of the city and should get closer to the target
tank. The virtual assistant supports the player with hints stating the distance and direction to the
target (see figure 3.8). These hints are triggered either by an active request of the player, clicking on
the virtual assistant’s question mark symbol, or adaptively by the ELAI system whenever the player
doesn’t make any progress for some time. The adaptivity reasoning is described in more detail in the
following section 3.6.

Throughout the city different vehicles can be seen, cars as well as other tanks similar to the target
tank, that are of different types however. The player needs to distinguish these game objects from the
tank type of the target in order to make efficient progress rather than moving to every visible vehicle.

At the start of a game session, all vehicles as well as the player avatar are randomly placed on the
map. Apart from the avatar and the virtual assistant following it, the vehicles and the target tank do
not not move during the game.

Figure 3.7: Screenshots from the SaFIRa game: (a) introduction page, (b) movement to the destination
flag, (c) victory after reaching the target tank.

SaFIRa’s Adaptivity

The adaptivity of SaFIRa personalizes difficulty and dynamic help of the game based on the user’s
skill level and current progress. I reuse these adaptivity methods in my version of SaFIRa for my
experiment and enhance the adaptivity reasoning by adding eye tracking based features as an
additional information source (see chapter 5.4).

On the technical level the game itself is built on the Unity game engine, the adaptivity is controlled
by integration with an ELAI server. SaFIRa transmits statements about the player’s actions to ELAI
in xAPI format. The ELAI server aggregates this information to estimate the player’s skill level and
determines whether the player currently needs help. SaFIRa periodically polls its ELAI server to
receive these influence parameters "needsHelp" and "skillLevel". The calculation of these parameters
in the original ELAI system and in my enhanced system are explained in more detail in chapter 5.4.
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Adaptive help is displayed by SaFIRa in the form of a hint stating distance and direction to the
target as described above and shown in figure 3.8. Such a hint is automatically shown when the ELAI
server sets the "needsHelp" influence parameter to "true".

ELAI infers that the player needs help if he has not made any progress during the last 10 seconds,
i.e. the player avatar is moving away from the target for more than 10 seconds.

Adaptive di�iculty in SaFIRa is based on the skill level of the player modeled by ELAI. ELAI
aggregates the information on the player’s actions after completion of each game session to estimate
the player’s current skill level based on duration, difficulty level and number of requested hints
during that session. The values are normalized using the respective minimum and maximum values
observed during any player’s previous session (for details see chapter 5.4). This brings the "skillLevel"
parameter to a range of [0,1].

The "skillLevel" influence parameter (or its inverse used as the difficulty level) control the size of the
target tank in the game and the appearance of clouds as distractors. Most notably the extensiveness
of hints is adapted based on the skill level (see figure 3.8). Players with a medium skill level between
1/3 and 2/3 see hints at help level 2 stating distance and direction to the target as explained above.
For players with a skill level above 2/3 (help level 1) only state the distance to the target without a
direction, hints for players with a skill level below 1/3 (help level 3) see a line pointing in the direction
of the target in addition to the help text.

Figure 3.8: The virtual assistant displays hints to help the player. The extensiveness of hints (help level
1/2/3) is adaptively based on the skill level of the player.

Plugin Pa�erns and Frameworks

The Attention Adaptivity Framework developed as part of this thesis (described in chapter 5 should
to be extensible and customizable. Plugins can be an effective approach to meet these objectives
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and were used on the client as well as the server components of the framework.
Plugins are a common pattern to configure and extend an application at runtime using a central

configuration, often through file [Fow03]. This makes extension of an application possible without
modifying the application itself and also allows third-parties to adapt an application easily.

The foundation of the plugin pattern are separated interfaces, i.e. interfaces defined in a different
package than their implementation [Fow03]. This allows loose coupling of implementation and use
of functionality.

The basic plugin pattern is outline in figure 3.9. The main (or host) application defines a service
interface which is implemented by a separate plugin component in order to offer functionality of
that type of service. The plugin is developed completely independent from the host application apart
from implementing the given interface. Plugins are built separatedly and the host application only
loads the available plugins at runtime, for example based on a configuration file or through a file
discovery process for a given location and file type.

Figure 3.9: The basic Plugin Pattern, image source [Pri08].

The basic plugin pattern is easy to implement [Blo12] and some functionality to support plugins
is also already offered by existing frameworks like .NET [Osh03]. OSGi is a widely used standard to
implement a dynamic module system for Java [OSG10]. It features a layered approach modules, a
life cycle API and more.

The Java ServiceLoader API is a simple plugin loader facility included in the standard Java
Platform API. The server-side plugin system for my Attention Adaptivty Framework uses the Ser-
viceLoaded API to dynamically load adaptivity components (described in chapter 5.2.3).

The ServiceLoader API has some limitations, namely that new service providers are only discovered
at startup of the application and some functions of service loading are not modifiable. On the other
hand the ServiceLoader API offers a straight forward way to implement a plugin system using only
standard Java interfaces in addition to the ServiceLoader class from the Java SDK [Ora].

As my framework has no need for more complex plugin features I decided against the complex
OSGi standard in favor of a simple implementation of service providers using the ServiceLoader API
[Ora].



4
An "Ideal Path Score" based on Interactions and

Eye Movements

Measures of user attention, performance and progress are important inputs to an adaptive e-learning
system in order to control adaptivity mechanisms appropriately. Features indicating such states have
to be defined and calculated. Regarding this, state of the art research shows that a combination of
user interactions and eye tracking is a promising and feasible approach, as described in chapter 2.

I therefore designed an "Ideal Path Score" which implements such an approach of combining
information on interactions and eye movements. This concept is described in detail in this chapter.
Further extensions, like integration of generic eye tracking features may be beneficial and are
considered in section 4.2.

Ideal Path Score

The developed "Ideal Path Score" is based on the distance of user actions to an "ideal" path, a
model proposed by [Str15b]. To receive a more comprehensive view, eye tracking data as well as user
interactions are included in the calculation of the distance of a user’s actions to the ideal path.

The underlying "Ideal Path" model is introduced in section 4.1.1 before the general concept of the
"Ideal Path Score" is presented in section 4.1.2, including some showcases. The detailed definition of
the score (section 4.1.3) and possible variations (section 4.1.4) follow.

Section 4.1.5 discusses the motivation and reasoning behind this "Ideal Path Score" approach on a
more general level.

Ideal Path Model

An "Ideal Path" is a sequence of episodes and interactions in a virtual learning environment that
most directly leads to the current goal [Str15b]. This ideal path serves as a reference, a gold standard
for comparison. Suitable metrics can define a distance between a user’s actual path and the ideal
path (see figure 4.1). This distance quantifies the user’s performance.

A path generally consists of the user’s explicit interactions with the virtual learning environment.
However, direct interface interactions may not be sufficient to adequately judge the user because they
do not offer any insights into the user’s cognitive processes and decision making. The assumption
for my thesis is that eye movements can contribute valuable additional information to such an "Ideal
Path" based score. For example in a case when the user looks at the correct object, considering it,
but ultimately decides to interact with a different object eye movements give a more comprehensive
picture of the situation. Detecting such situations would allow improved learner models and hence
improved adaptivity.

29
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Figure 4.1: Ideal (green) and actual (red) path through a virtual learning environment, the
Ideal Path distance can indicate the user’s performance, image source [Str15b].

In practice, the calculation of an "Ideal Path" distance requires that an "ideal" action for the current
game situation is determined - possibly through heuristics. The actual action of the player can then
be compared to this benchmark using a meaningful metric. The definition of ideal actions as well as
the definition of a meaningful "distance" measure between such paths needs to be game specific.

The Ideal Path Score Approach

This section describes an "Ideal Path Score" for the serious game SaFIRa, which is also used for the
experimental evaluation (see chapter 6). The definitions of "Ideal Path" and "distance" between
paths are tuned to specific game context of SaFIRa but should be easy to adapt to similar games.

This section gives a general, exemplary overview, the detailed formulas of the score and its factors
are defined in section 4.1.3 and possible variations are presented in section 4.1.4. As argued above,
the developed Ideal Path Score combines an interaction based factor and an eye tracking based
factor. Eye tracking information is intended to give indications of thought processes, e.g. whether
the user is guessing or intensely considering the relevant objects (see scenario in figure 4.4).

A score is calculated for each player action, i.e. for each move the player makes. Thereby each
action is directly evaluated and a continuous model of player performance is created. Figures 4.2, 4.3
and 4.4 illustrate Ideal Path Scores in different game situations.

Ideal Path Score Definition

An score is calculated for each of the player’s actions in game, rating the quality of it. In the case of
the game SaFIRa, an action is a mouse click by the user, setting a new movement destination flag for
the player avatar. Input for the computation of the Ideal Path Score is the action itself as well as eye
movements since the previous action. Therefore information leading up to the decision of the then
executed action is considered in each score.

Normalization makes the score intuitively interpretable and scores from different games compa-
rable. The Ideal Path Score has a range of [−1.0,1.0] where a score of

1.0 indicates a perfect move

0.0 indicates a move without progress

-1.0 indicates a move after which the player is much worse off than before
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Figure 4.2: The target is outside of the screen area, the ideal move is marked by the golden flag. The
attentive, skilled player knows the right direction from previous hints, looks at some points around that
direction (green eye symbols) and moves there (green flag). The move results in a high Ideal Path Score
as the destination is close to the ideal and fixations were on the relevant screen area close to the ideal
movement point.

Figure 4.3: The target is outside of the screen area, the ideal move is marked by the golden flag. The
confused or unattentive player looks in various directions on the screen (red eye symbols) before
moving to a point (red flag) that is actually further from the target than the previous position. The
move results in a negative Ideal Path Score as the destination brings the player away from the target
and fixations were on screen areas far away from the relevant direction.

Figure 4.4: The target tank (golden flag) is visible on screen. The inexperienced player is unsure which
tank he is the target and looks back and forth between the target and another tank. Due to a lucky
guess the player decides to move to the correct tank. The move results in a mediocre Ideal Path Score
- although the interaction based factor indicates a near perfect move, the eye tracking based factor
shows that the player was unsure about the destination.
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Move Factor and Gaze Factor make up the overall Ideal Path Score, representing the interaction
based and eye tracking based information respectively. These factors are interpolated linearly:

Ideal Path Score = (1−α)Smove +αSg aze (4.1)

where α= 0.25 is a weighting factor.

Smove , the factor based on explicit game actions, reflects how much progress towards the target is
made relative to the maximum possible progress. It is calculated as

Smove =
dpr evi ous −dactual

dpr evi ous −di deal
(4.2)

where dpr evi ous is the distance to the target before the current action, di deal is the distance to the
target from the best possible movement destination visible on screen and dactual that distance from
the actual movement destination of the current action. These distances are illustrated in figure 4.5.

Sg aze , the factor based on eye tracking information, consists of the scores for each fixation weighted
by its duration relative to the duration of the action. It is calculated as

Sg aze =
∑

f ∈Fixations
fixationValue( f )

duration( f )

durationtot al
(4.3)

where "Fixations" is the set of all fixations recorded between the previous action and the current
action, durationtot al is the time span from the previous until the current action and fixationValue( f ),
illustrated in figure 4.6, is defined as

fixationValue( f ) =


1.0 for relevant game objects

−1.0 for irrelevant game objects

distance to ideal movement destination for fixations on no object

(4.4)

Figure 4.5: The interaction based "Move Factor" of the Ideal Path Score: Moves that bring the player
closer to the target receive positive scores (green circle left), moves that lead away receive negative
scores. The right image shows the distances used to calculate the score as defined in equation 4.2. The
ideal move (golden flag) is the closest point visible on screen on a straight line to the target.
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Figure 4.6: The eye tracking based "Gaze Factor" of the Ideal Path Score: Fixations close to the ideal
move destination receive positive scores (green eye symbol left), fixations in irrelevant screen areas
receive negative scores (red eye symbol left). Fixations on game objects are also considered (right
image) - scores reflect whether the player looked at the relevant target object (green circle right) or
other irrelevant objects (red circle right) as defined in equation 4.4.

Alternative Versions of an Ideal Path Score

The definitions above are the initial design of the Ideal Path Score and were implemented as such in
SaFIRa for the experimental evaluation. Multiple variations and extensions of this design are possible.
Some of these were also calculated on the collected data during the experiment and included in the
evaluation in chapter 6.

Discretization

Different playing styles can lead to large differences in the Ideal Path Score with the definition above.
Making a long move, with its destination close to the edge of the screen, leads to a much higher Ideal
Path Score than several shorter moves because the ideal move, making the furthest possible progress,
usually is at a screen edge. However, a player using short, quick moves is not necessarily playing
worse.

This is particularly problematic when further interpretation relies on the mean Ideal Path Score.
To mitigate this problem, discretized variants of the "Move Factor" and the "Gaze Factor" were

developed. Instead of a continuous score - the closer to the ideal move destination, the higher the
score - only values of +1, -1 or 0 are assigned to an action or fixation as follows:

Smove,di scr ete =
{

1.0 if new destination closer to target

−1.0 if new destination further away from target
(4.5)

Sg aze is still defined as it was originally in equation 4.3, with fixation values adapted as

fixationValuedi scr ete ( f ) =


0.0 if f within 250px radius from screen center

1.0 if f within 600px radius from ideal movement destination

−1.0 otherwise

(4.6)

for the 1920x1200 pixel resolution of the screen used during the experiment, for which these Ideal
Path Score varation was calculated afterwards. This discretized variant Sg aze,di scr ete only considers
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the position of the fixation on the screen, not whether or what kind or game object is at that location
in order to simplify the feature.

Possible Interpretations Based on Fixated Game Objects

The developed framework is able to identify most game objects (in SaFIRa these are primarily
vehicles) the player looked at. The current component of the Ideal Path Score is rather naive and
only assigns positive values to fixations on the target tank. The knowledge about what game objects
were looked at could potentially inform many more specialized adaptivity mechanisms.

Monitoring help usage would be a possible application, for example. [Bie16] had reported in the
original evaluation of SaFIRa that some players did not notice updates of the adaptively displayed
hints. A simple adaptivity plugin could use the eye tracking based information to check whether a
recently displayed hint has been read by the player and trigger a special highlighting of the hint if it is
not noticed.

Complex pa�erns help to infer cognitive processes. A motivation for this is illustrated by the
scenario presented in figure 4.4, detecting uncertainty or guessing of a player. Other publications
report the use of gaze patterns between areas of interest to infer thought processes like discarding or
considering answer choices (see chapter 2.3.1). Modelling such patterns for SaFIRa could lead to
interesting insights, although such patterns will probably be highly task and game dependent and
therefore difficult to generalize and transfer to other contexts.

To improve the model of "fixation values", i.e. whether the fixation on a specific game object should
be rewarded or penalized, a semantic model of the game objects could allow powerful interpretation.
Similar to semantically annotated learning content (see chapter 2.1.1), a hierarchical semantic model
of SaFIRa’s vehicle types could be created. Such a model could provide information whether a fixated
vehicle is a tank or car - and based on the similarity to the target tank penalties or rewards for that
fixation could be tuned.

Discussion

How to measure a�ention and goal-oriented progress?

This thesis is part of a research effort whose overarching aim is to improve adaptivity for serious
games. A perfect metric would directly measure how successfull and efficient a user acts in relation
to the goal of the game. My approach of the "Ideal Path Score" assumes that when a user closely
follows the steps of the ideal path without further distractions this is the most direct way to reach the
goal of the game and the learning objectives.

This model is in this regard somewhat limited by its focus on "efficient" game progress. It therefore
disregards concepts of free play and exploration that can also be valuable modes of entertainment as
well as learning.

An important aspect especially for serious games is the user’s flow experience that drives intrinsic
motivation and concentration. Originally my aim was to measure a user’s flow experience in order
to sustain it and use it as one factor for controlling adaptive interventions. As flow is a complex
phenomenon the decision was taken to focus on estimating the user’s attention rather than flow as
this should be potentially easier to examine.

My original assumption was that the Ideal Path Score is able to imply the user’s attention. However,
after further discussions I found it to be unlikely that the Ideal Path Score directly correlates with
user attention. For one thing, "attention" in this context first needs to be defined more clearly. A
more appropriate term for what I attempt to measure could be "goal-orientedness" or "goal-directed
gaze".
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Also "attention" or "goal-directedness" likely is not the only factor influencing the Ideal Path Score.
Deviations of a user from the ideal path can be explained by different causes: The user’s lack of focus
or goal-orientedness (i.e. his attention?) but also the user’s lack of skills or knowledge to follow the
ideal path.

The Ideal Path Score as a metric of overall progress should corellate with a user’s skills (modeled
through "classic" didactic factors) as well as with a user’s "attention" (possibly estimated through
data of eye movements or other indicators of distraction, e.g. user’s pulse or environmental noise
level).

From "goal-orientedness" to a�ention

Understanding attention as a limited resource needed for controlled cognitive actions, as described
in 3.1.2, it can be expected that high goal-orientedness of the user requires sufficient attention.
However, low goal-orientedness (i.e. a large distance to the ideal path) can also occur despite high
attention of the user if the user is lacking skills or knowledge to complete the task efficiently.

This would suggest that a high Ideal Path Score indicates high attention, while low Ideal Path
Scores would not necessarily be connected to low attention:

good Ideal Path Score ⇒ high goal-orientedness ⇒ high/sufficient attention (4.7)

bad Ideal Path Score ⇒ low goal-orientedness; low attention (4.8)

Generic Eye Movement Pa�erns

As an alternative or extension to the developed game-specific Ideal Path Score, generic eye movement
features can be considered. Features such as mean fixation duration, fixation frequency, blink fre-
quency or features based on pupil diameter change are commonly used in related work as presented
in chapter 2.3.

These features are generic in the sense that they only rely on the eye tracking data without specific
context information about the content that was viewed. This makes such features potentially easier
to transfer between different applications. However, this can also limit their expressiveness. One
publication reports that generic eye tracking features were not able to classify learning behaviour by
themselves but improved classification in combination with content specific features [Bon13].

While I did not work to improve upon the existing approaches of such features within the scope
of my thesis, I evaluated their possible contribution to estimate attention in the context of my
work. The features selected for this were chosen based on my summary of common features in
table 2.2, chapter 2.3. The analysis based on the collected data during my experiment is presented in
chapter 6.4.4.

Integration into Adaptive Systems

This chapter described the details of design and definition of metrics and eye tracking based feature
scores. These features serve as indicators about the progress and cognitive state of the user. For
them to inform adaptivity decisions, such feature scores may need to be further interpreted by an
adaptivity reasoning engine and appropriate adaptivity actions have to be taken based on them.

To achieve this, the features described here are integrated into the existing adaptivity reasoning
system ELAI. The details of this integration are described in chapter 5, with details of the actual
adaptivity reasoning in section 5.4.





5
A�ention Adaptivity Framework

To make eye tracking data usable for adaptivity in e-learning, components to collect eye tracking
data, analyze and annotate this raw data, generate interpretations about the learner and influence
the actual adaptivity interventions have to be brought together. The developed "Attention Adaptivity
Framework" integrates these components in a structured and extensible way.

The ELAI concept, as described in chapter 3.5.1, represents the foundation for the Attention
Adaptivity Framework. Through its general ELAI server it allows flexible interoperability between
multiple applications and easy integration of new systems. My framework is based on the ELAI
implementation developed specifically for SaFIRa [Bie16]. For easy reuse in other applications I
modularized this implementation, which was tightly integrated into the SaFIRa Unity game (see
figure 5.1). It provides an interface for plugins on the client-side, which can collect and analyze
additional data e.g. from eye tracking, as well as a plugin concept on the server-side to adapt and
extend ELAI’s interpretation and influence engines. An "ELAI Eye Tracking Plugin" (section 5.3) and
server-side interpretation and influence plugins (section 5.4) were implemented to realize the Ideal
Path Score approach presented in chapter 4.

Figure 5.1: The components of the developed Attention Adaptivity Framework (bottom) and the con-
ceptual ELAI system [Str15c] that served as a foundation for its design.
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Objectives and Non-Functional Aspects

One of the core concerns of ELAI is the interoperability of e-learning adaptivity between multiple
systems. As the developed Attention Adaptivity Framework functions as an extension of the ELAI
concept, reusability and generalizability are important aspects for the framework in order for it to be
applicable in this broad intended context for different applications.

Reusability in different applications, the ability to implement game-specific interpretations and
the extensibility of the general framework to other scenarios not necessarily related to attention or
eye tracking are important objectives that guided the design of the Attention Adaptivity Framework.

Reusability is a common concern in software engineering and helps to keep a software ecosystem
managable and maintainable. As the ELAI concept specifically aims to integrate multiple e-learning
systems, it is to be expected that a lot of basic functionality like communication with an ELAI server
is required in a large number of applications.

Therefore a general library should provide these basic functions to ease integration of new appli-
cations into the ELAI ecosystem. A library can also keep distribution of potential future changes
managable because code is not duplicated and only needs to change in one place. Modularization of
the framework isolates dependencies and changes and allows to combine features as needed.

The client-side Attention Adaptivity Framework is available as a collection of plain C# dynamic-link
libraries (DLLs) with minimal depencies. They can be used from any .NET compatible game engine
or plattform.

The ELAI client library as well as the eye tracking plugin are configurable with a xml file. This allows
for example to change the used eye tracking device without the need to recompile the application.

Game-specific interpretation is important despite the focus on building a general and reusable
framework. The Ideal Path Score represents a general performance metric that could allow com-
parison between very different contexts. However, the definition of "ideal paths" and distance
measures to such paths necessarily needs to be application-specific for Ideal Path Scores to carry any
meaningful insights.

Abstraction through interfaces and the use of approaches like the Strategy Pattern allow an ap-
plication to provide specific algorithms to the generalized Attention Adaptivity Framework, e.g. for
calculation of ideal path scores, while minimizing development effort.

Extensibility of the Attention Adaptivity Framework makes it a feasible foundation for further
extensions of the ELAI concept. While I implemented an eye tracking plugin with the aim of modeling
user attention and Ideal Path Scores for this thesis, the framework itself is not tied to approaches
related to either eye tracking or attention.

The modular and plugin-based design of the framework easily allows further or different extensions.
The main ELAI Client and ELAI Server system only provide the basic core functionality and can
be extended as needed by independent plugins to customize data collection, interpretation and
adaptivity influence.

Architecture

The conceptual architecture of the ELAI system as proposed by [Str15c] and its implementation by
[Bie16] consists of an "ELAI Interface" component that is integrated in the specific serious game
or e-learning application and the server-side ELAI comprising an "Interpretation Engine" and an
"Influence Engine". The architecture of my Attention Adaptivity Framework specifies this structure
in more detail and further modularizes it (see figure 5.1).
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Overview

The ELAI Client library takes over general client-side functions regarding ELAI, like communi-
cation with the ELAI server (see figure 5.1). An "ELAI Client" instance is created and used by an
e-learning application’s specific "ELAI Adapter". "ELAI Client" plugins (e.g. the "ELAI Eye Tracking
Plugin") are also started explicitly by this ELAI Adapter to allow deeper, context-specific integration
of these plugins through interactions with the ELAI Adapter.

Communication to the ELAI Server is performed through xAPI statements, thereby following a
clearly defined interface to decouple client and server components. The actual networking details
are managed by the ELAI Client library while statements are provided or triggered by ELAI plugins
or the game’s or application’s ELAI Adapter. The ELAI server receives xAPI statements, stores them
and passes them on to all active Interpretation Services. These can further analyze the information
and also generate additional statements containing their interpretations (see sequence diagram,
figure 5.2).

The ELAI Client also polls the ELAI server regularly to get updated learner models or influence
parameters which are then available to the ELAI Adapter. Actual adaptivity is implemented in the
specific application to be appropriate for its context. These implementations are controlled through
the ELAI Adapter using the influence parameters provided by the ELAI server. The ELAI server’s
Influence Engine collects these influence parameters from all active Influence Services wich compute
them based on previously stored statements and interpretations. This is illustrated by the sequence
diagram in figure 5.3.

Server-side Interpretation and Influence Services are deployed as plugins in independent .jar files
thereby providing flexibility to configure the ELAI server in a modular way.

Figure 5.2: The application’s ElaiAdapter reports game events ("Mission started") by generating an
xAPI statement, supported by the StatementGenerator factory of the ELAI Client library. This statement
is passed to the ElaiClient instance, which handles the transmission to the ELAI Server at the next
update interval. On receiving the statement the server’s Push Servlet passes it on to each available
Interpretation Plugin for further classification.
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Figure 5.3: The ElaiClient on regular update intervals requests the latest influence parameters from
the ELAI Server by sending identification data for the current learner ("learnerEmail") and game genre
("genreId"). The ELAI Server’s Pull Servlet then requests all available Influence Plugins to compute
their influence factors and returns these to the ElaiClient. The received parameters ("GameParame-
ters") are constantly available to the application’s ElaiAdapter to control its adaptivity mechanisms.

ELAI Client and Adapter

The ELAI Client library encapsulates the functionality common to most applications interacting with
an ELAI server. As a separate C# dynamic-link library (DLL) it can easily be referenced and used
by such applications. It manages the details of network communication with the server, supports
composition of proper xAPI statements and offers logging and file configuration. The details and
implementations of those features are hidden from the application using the library, allowing simple
use and evolution of the ELAI Client library.

The game or e-learning application intending to use it simply needs to create an ElaiClient instance.
To respect the principle of separation of concerns, this should be done in a class separate from other
application code, here called ElaiAdapter.

The Adapter pattern suggests wrapping a existing class into an "adapter" to receive a compatible
interface [Fre04]. The application-specific ElaiAdapter’s role is to adapt the interfaces of the ELAI
Client library to the requirements of its application. The ElaiAdapter can also instanciate and
configure ELAI Client plugins. In this case it more closely resembles a "facade" than an adapter,
providing a simplified interface to the whole ELAI Client subsystem for an application [Fre04].

Because the library contains all common functionality the ElaiAdapter only requires a small
amount of custom code, keeping the effort of integration of an application with ELAI minimal.
Figure 5.4 shows this architecture in detail.

An XML configuration file allows changes to settings (e.g. the ELAI server address or which eye
tracker model is used) without need to recompile the project. This particularly eases portability
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between different machines and contexts.

Figure 5.4: Details of the client-side components of the framework: A reusable ELAI Client library and
its plugins are simply wrapped and controlled by a game specific ElaiAdapter.

ELAI Client plugins are distributed as separate libraries and can provide additional functionality,
particularly to collect other data about the learner’s behavior and progress. The ELAI Client library is
kept small and provides only core functionality but extensions for use cases like the collection and
analysis of eye tracking data can be added and used by any application as needed.

These plugins are not automatically discovered and loaded but instead instanciated by the applica-
tion specific ElaiAdapter. This extra step is intentional to enable each application direct configuration
of the plugin. The Strategy pattern is used in these cases, i.e. an implementation of an interface
is passed in order to define a specific behavior of the other system [Fre04]. By this approach a
plugin can receive application specific strategies to interpret its observations (e.g. the Eye Tracking
Plugin can call back to the application to learn which game object is currently at the given screen
coordinates the learner looked at).

ELAI Client plugins are built on top of the ELAI Client and use its configuration file and logging
features. They are registered with the ELAI Client instance by the ELAI Adapter and from then on
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their lifecycle (i.e. update intervals and shutdown) is managed automatically by the ELAI Client. The
relationship and interaction between ELAI Client and a plugin is illustrated in figure 5.5.

Figure 5.5: ELAI Client plugins are managed by the ElaiClient instance they register with.

ELAI Server

The core ELAI Server provides a "Push" and a "Pull" Servlet for clients to push information about
activities of the learner to the server and request computed influence factors to control adaptivity.
Updates from e-learning applications are transmitted as xAPI statements. These statements are
passed to the "Interpretation Engine" of the ELAI server to be analyzed. All statements are also stored
in a Learning Record Store (LRS) to be available for later computations by the "Influence Engine".

The ELAI server is implemented using Java Servlets and runs on an Apache Tomcat web server.

Plugins are taking care of all interpretation and influence computations. The core ELAI server
only calls those plugins, stores their interpretation results or transmits their returned influence
parameters to the ELAI Client. This ensures separation of concerns for the request handling and in-
terpretation/influence computation in order to keep this complex system maintainable. In addition,
this design also allows very flexible configuration and extension of an ELAI server.

The sequence diagrams in figure 5.2 and figure 5.3 illustrate this delegation to Influence and
Interpreation Services. Figure 5.6 shows the components of the ELAI server in detail.
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The ELAI server plugins located in the defined plugin directory in the filesystem are detected
and loaded dynamically at runtime. Plugins are deployed as .jar files containing one or more
implementations of the InterpretationService or InfluenceService interface. A specific configuration
file included in the .jar package identifies these classes as plugins to be loaded. These .jar files
are then loaded by the server using the Java ServiceLoader API (see chapter 3.7). No changes or
configuration in the core ELAI server is necessary when plugins are added or exchanged.

Figure 5.6: The ELAI server’s role in the framework is to coordinate Interpretation Service and Influ-
ence Service plugins which are responsible for the concrete adaptivity related computations.

Interpretation Services

An Interpretation Service interprets the learner’s activities as part of the ELAI Server’s Interpretation
Engine. It is called every time a statement arrives at the server (also see figure 5.6). The Service
receives this statement and also has access to the LRS containing previous statements and interpre-
tations. It then classifies this statement and optionally generates an "interpretation" that is either
saved in the database or stored as one or more additional xAPI statements in the LRS.

The interpretation mechanisms implemented for the game "SaFIRa", which were used for the
experiment evaluating this thesis, are presented in section 5.4.

Influence Services

An Influence Service as a component of the ELAI server’s Influence Engine computes one or more pa-
rameters that make up the response to a request for influence factors by an ELAI Client. The Influence
Service has access to the database and LRS containing all previous statements and interpretations
(see figure 5.6).

All values calculated by Influence Services are sent to the ELAI Client in JSON format and can be
used by the e-learning application to control its adaptivity.

The influence parameters implemented for the game "SaFIRa", which were used for the experiment
evaluating this thesis, are presented in section 5.4.
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Eye Tracking Plugin

The collection and analysis of eye tracking data is encapsulated in an ELAI Client plugin, the "ELAI
Eye Tracking Plugin". The plugin records fixations reported by an eye tracker that is connected to the
user’s computer. The integration of the eye tracker is abstracted by a generic eye tracker interface
and the plugin provides implementations for different eye tracking devices. Which eye tracking
adapter is used can be switched seamlessly through the local ELAI configuration file, thereby allowing
easy portability between different machines. Alternatively, the ELAI Adapter can provide its own
eye tracking adapter implementing the required interface, which makes it possible to use any eye
tracking device with the framework.

In order to allow more meaningful interpretations of the eye tracking data based on knowledge
what objects were looked at, screen coordinates of fixations are passed to the specific application
for classification. An implementation of the RelevantObjectsLocator has to be provided by the
application specific ELAI Adapter during initialization. This implementation checks what object is
positioned at the given screen coordinates in the application and returns this semantic information
in the form of an xAPI Object to the eye tracking plugin. Such an interaction to identify game objects
is illustrated in figure 5.7 and follows the idea of the "Strategy Pattern" [Fre04].

Figure 5.7: An application-specific "RelevantObjectsLocator" strategy is passed to the EyeTrackingPlu-
gin which helps to identify the looked at objects.

Information about the learner’s gaze could be transmitted to the ELAI Server in the form of xAPI
statements. However, it is easier to interpret eye movements on the client-side through the ELAI
Adapter if these interpretations are specific to only one application. The ELAI Server benefits from
information that is applicable across multiple contexts. Therefore, the ELAI Eye Tracking Plugin only
transmits higher level interpretations of the eye tracking data in the form of Ideal Path Scores to the
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server.
There may be more detailed gaze information that is useful for the ELAI server’s reasoning, e.g.

information about the learner looking away from the current application or information about the
learner reading the provided help message. In this case future extensions of the Eye Tracking Plugin
could sent xAPI statements indicating such specific activities to the ELAI server.

Eye Tracker data is handled using a simple eye tracking framework developed by Fraunhofer
IOSB, which was translated from its original version in Java to C# for the ELAI plugin. Fixations are
calculated using a dispersion threshold algorithm with a dispersion threshold of 50 pixel.

Adaptivity Reasoning

Reasoning for appropriate adaptivity is application specific, the computations described here are
targeted at the serious game SaFIRa (see chapter 3.6). Putting adaptivity measures into practice with
the Attention Adaptivity Framework is a four stage process (see figure 5.8) following the adaptive
cycle (see chapter 3.4.3).

First the observations on the learner are collected and aggregated on the client-side by the ELAI
Adapter (here by computation of an Ideal Path Score, see section 5.4.1) and transmitted to the ELAI
server.

Then the ELAI server’s Interpretation Services can further interpret this information (here by
classifying the player’s skill level, see section 5.4.2).

On request the ELAI server’s Influence Services compute the influence parameters to be transmitted
back to the e-learning application (here by calculating the player’s need for immediate help, see
section 5.4.3).

The concrete presentation of adaptivity measures like the display of a help message is implemented
by the specific e-learning application or serious game client-side and controlled by the influence
parameters from the ELAI server.

Figure 5.8: Adaptivity is realized in four stages: Aggregation and Presenation on the left are performed
client-side, Interpretation and Influence Computation on the right are performed on the ELAI server.

Calculation of Ideal Path Score

The Ideal Path Score aggregates information about eye movements and player actions into a single
score that quantifies the player’s performance as presented in chapter 4. This score can be interpreted
generically by the ELAI and is the primary way how the Eye Tracking Plugin influences adaptivity
decisions. The Ideal Path Score replaces the target distance previously used by [Bie16] as a measure
of performance for a learner’s in-game actions.

For each player action the score is calculated and sent to the ELAI Server in an xAPI statement (see
listing 5.1).
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"actor": { ... },
"verb": {

"id": "http :// iosb. fraunhofer .de/ias/ibis/elai/ xapidefinitions /
verb/ played /"

},
" result ": {

"score": {
" scaled ": 0.39908025609066

},
" duration ": "PT1 .33S",
" extensions ": {

"http :// iosb. fraunhofer .de/ias/ibis/elai/ xapidefinitions /
distanceToTarget ": 0.8674978017807

}
}

Listing 5.1: Excerpt of an xAPI statement: The Ideal Path Score of a move is transmitted in the
statement "result".

Skill Level Classification

A new "skill level" of the learner is estimated after each completed task, i.e. for the game SaFIRa
after each game session which is completed by finding the target tank. This estimated skill level is
in turned used by the game to set an appropriate difficulty level. The skill level is classified using a
linear classifier combining a number of "Didactic Factors". The classification approach remains the
same as in the original system of [Bie16]. The following Didactic Factors are used:

• Task Duration (the time the player took to reach to target tank)

• Difficulty Level

• Number of Hints displayed

• Average Ideal Path Score (only for the new, improved adaptivity system)

Following Biegemeier’s approach [Bie16] each Didactic Factor (xi ) is normalized based on the
minimum and maximum value for this Didactic Factor previously observed from any player:

nor mali ze(xi ) = xi −mi n(X )

max(X )−mi n(X )
(5.1)

The skill level is then estimated as a weighted sum of all Didactic Factors (xi ):

skillLevel =
∑

i xi wi∑
i wi

(5.2)

To improve the skill level classification with my Ideal Path Score approach, I introduced an addi-
tional Didactic Factor: The mean Ideal Path Score of all actions of the game session.

Adaptive Help

To detect when the player needs help [Bie16] uses the changing distance of the player to the target. If
this distance monotonically increases over a time span of 10 seconds, the related Influence Service
triggers an automatic help message to be displayed.

To improve this approach I use my developed Ideal Path Score rather than the target distance as an
indicator, thereby also including information about eye movements. If the average Ideal Path Score
during the last 10 seconds is negative, an automatic help message is triggered.
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Use Case

Figures 5.9, 5.10 and 5.11 demonstrate the use of the Attention Adaptivity Framework in practice for
a scenario of the SaFIRa game.

Figure 5.9: (1.) Login information is transmitted to the ELAI Server to uniquely identify the player in
order to match his existing learner model. (2.) On starting a mission, the selected game genre is also
sent to the ELAI Server to activate the relevant adaptivity mechanisms.

Figure 5.10: (3.) During play the game computes an Ideal Path Score for each move and continuously
transmits them to the ELAI Server. (4.) Regularly the game requests updated influence parameters
from the server, which triggers their computation by the server’s Influence Engine.

Figure 5.11: (5.) In reply to a request from the game, the server sends updated influence parameters in-
dicating that the player needs help. This causes the game to display an automatic hint. (6.) Supported
by the virtual assistant’s hints the player reaches the target. Successfull completion of the mission is
reported to the ELAI Server and leads to an reclassification of the player’s skill level by its Interpretation
Engine.





6
Evaluation of the Ideal Path Score Approach

To evaluate the metrics defined in chapter 4, an experiment was conducted. The objectives of the
experiment were twofold: (a) To evaluate the Ideal Path Score that was designed in advance and (b)
To collect data from a realistic setup for posterior analysis and improvements.

The collected data was used to evaluate and afterwards look for patterns and possible improve-
ments regarding the Ideal Path based approach defined in chapter 4.1 and also to examine the power
of other, more generic eye tracking features described in chapter 4.2. This posterior analysis of data
uses the experiment as a pilot study and data collection rather than a rigorous evaluation with a
system strictly fixed in advance of the evaluation.

After describing the hypotheses (6.1) and the experimental setup (6.2) and procedure (6.3) the
results are presented in detail. A general overview of the collected data and questionnaire responses is
presented in section 6.4.1 and provides context for the following analysis. The two primary questions
of my work are then evaluated: What improvements does the Ideal Path Score deliver for adaptivity
decisions (section 6.4.2)? And what correlations exist with user attention (section 6.4.3)? Other
generic eye tracking based features are also evaluated (section 6.4.4).

Finally, the experiment and its results are discussed more broadly in section 6.5.

Figure 6.1: A participant of the experiment playing the game SaFIRa.

Hypotheses

The assumption prior to the experiment was that the Ideal Path Metric as designed in chapter 4.1
is able to infer a learner’s attention and therefore lead to more appropriate adaptivity decisions of

49
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the ELAI system. Apart from observations on the overall approach and its influencing factors, the
formally stated hypothesis in table 6.1 were examined.

Hypothesis

H1.1 Ideal Path Score (IP) correlates with self-reported a�ention

H1.2 IP correlates with self-reported goal-orientedness

H1.3 The eye movement component of IP leads to higher correlations than a naive, interaction-based IP

H2 Generic eye movement pa�erns (described in chapter 4.2 and derived from related work in ch 2) correlate
with self-reported a�ention

H3 IP can improve adaptivity decisions

H4.1 The computed "skill level" increases when playing multiple times

H4.2 IP also reflects / contributes to this increase of skill level

H4.3 Learning about di�erent tank types is achieved by playing the game

Table 6.1: Hypothesis to be examined in the course of the experiment

Experimental Setup

The existing serious game SaFIRa, presented in detail in chapter 3.6, was extended with the ELAI
adapter and eye tracking plugin, which collect sensor data, semantically annotate it, send it to the
ELAI server and implement adaptivity interventions based on the recommendations received from
the ELAI server. This functionality as part of the framework was described in detail in chapter 5.

Participants were alternatingly distributed to play a version of SaFIRa with its original adaptivity
influence factors from [Bie16] (hereinafter called "legacy" system) and a version using the ideal
path based adaptivity influence factor as presented in chapter 4 (hereinafter called "Ideal Path"
system). This setup allows the comparison of the new overall system in practice. However, Ideal Path
Scores were also calculated by the legacy system and written to log files for posterior analysis. For
general analysis of eye movements and Ideal Path Scores the data from all participants is therefore
used together, distinctions are only made when discussing adaptive hints and difficulty level which
depend on the selection of the "legacy" or "ideal path" variant of the system.

Figure 6.2: Experimental Setup

For the experiment, a Tobii X60 eye tracker was used, which was installed below a 24" monitor with
a resolution of 1920x1200. At the beginning of the experiment the participant adjusted his seat to
make sure he was in range of the eye tracker. The eye tracker was then calibrated for the participant.

In addition to the eye tracker the experiment was recorded using a Kinect (XBox 360) and a webcam.
Possibly, additional non-invasive features could be designed which exploit these sensors, however
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detailed analysis of the data was not part of this thesis. To support manual analysis, the experiment
was also recorded using a camcorder. The complete setup of sensors is shown in figure 6.2, a
participant during the experiment can be seen in figure 6.1.

Experimental Procedure

Other publications examining engagement in digital entertainment games most often employed
surveys in their research design, physiological responses to gameplay are typically analysed using
quasi-experiments, comparing responses to different kinds of games or game events [Boy12]. Studies
on games for learning generally preferred quasi-experimental designs [Con12].

For the evaluation of this thesis I chose a survey based approach, asking participants to self-
report their subjective levels of attention and goal-orientedness. The responses to this questionnaire
were examined for correlations with the data collected, namely Ideal Path Scores and eye tracking
data.

In addition to the primarily survey based approach participants were divided into two groups and
did the experiment using either a "legacy" version of adaptivity without eye tracking influence or an
"ideal path" version of adaptivity which also makes use of eye tracking information. Comparison
between those two groups leads to some conclusions about the overall system in practice.

Procedure

The procedure of the experiment for a participant is illustrated in figure 6.3. After calibration of the
eye tracker, an initial calibration test (see 6.3.2) was conducted. The participant then had time to
read the introduction included in the game, which explains game controls and objectives.

The actual experiment consisted of 5 game sessions after each of which the participant answered a
short questionnaire asking for subjective ratings of attention during the previous session (see 6.3.3).

At the end of the experiment, the participant had to answer a concluding questionnaire (see 6.3.3),
which checked learning outcomes and recorded demographics. Finally another calibration test was
conducted to check eye tracking data quality.

Figure 6.3: The procedure of the experiment for a participant.

Eye Tracking Calibration Tests

The eye tracker was calibrated through the provided third-party tool using 9 test points at the
beginning of the experiment for each participant.
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As proposed by [Hol12] and summarized in chapter 3.2.3, it is important to check and report the
quality of recorded eye tracking data. I therefore test the eye tracker accuracy and precision for each
participant right after initial calibration as well as at the end of the experiment. This is done for 6
points at various positions of the screen as shown in figure 6.4.

During this test, a single point is displayed on the otherwise completely black screen. To give the
participant enough time to fixate the new point, the eye tracking samples are only recorded starting
1.5 seconds after the point appeared on screen. After a total of 4.0 seconds (1.5 seconds search time +
2.5 seconds recording of samples) the next point is displayed.

The distance (in pixel) of samples from the calibration point is then calculated. Raw gaze position
samples rather then computed fixations are used in the calculations.

The results of these data quality measures are presented in the results section in table 6.5.

Figure 6.4: Result of the eye tracking calibration test: Large points represent the fixed calibration
points used, clouds of small dots visualize the recorded gaze samples of a participant. During the test
only a single point is displayed at a time without any lines.

�estionnaire

During the design of the questionnaire for my experiments I considered best practice guidelines and
experiences from studies of related work. One objective also was to keep the questionnaire short and
simple as participants needed to answer it multiple times, once for each game session.

Guidelines for �estionnaire Design

In general questionnaires can be problematic because they rely on the participants subjective
opinions and understanding of terms and topics, which may distort results [Hol16], [Jen08]. Jennet
et al. [Jen08] therefore use a "single question measure of immersion rating (i.e. rate how immersed
you felt from 1 to 10)" and a "multiple question measure of immersion (a mixture of questions
combining aspects of flow, CA and presence)" together. Pairs of questions are phrased "using
negative and positive wording in order to control for wording effects". Questions were rephrased
based on experience from previous experiments.
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Wording and order of questions is important because participants tend to choose first (or last)
option, and tend to agree to questions [Hol16]. It is also recommended to reuse questions from
similar studies as this also allows comparability of results [Hol16].

�estionnaire on A�ention

Participants of the experiments had to answer a short questionnaire self-assessing their attention
after each of the five game sessions they played. Asking participants for an assessment immedi-
ately after the experience is similar to the "Experience Sampling" method applied to measure flow
experiences [Nak02].

The questions of my questionnaire are in part based on [Jen08], who developed an extensive
questionnaire to measure immersion and revised the wording of their questions after user feedback
to be simpler and more concise, e.g. by labeling the ends of the scale descriptively rather than using
the standard Likert scale approach to label them "strongly disagree" and "strongly agree".

All questions were to be answered on a 8 point scale labeled "0 ... 7" with a descriptive term at
either end of the scale. Figure 6.5, a screenshot of part of the original questionnaire, exemplifies the
style of these scales.

Figure 6.5: Excerpt of the questionnaire illustrating the design of questions with labeled scales.

Table 6.3 shows a translation of the questions and terms used, which can be found in the ap-
pendix A1 in its original German version.

The first three questions check for the participants attention. As this is the variable I am most
focused on it is tested with two questions (on "attention" and "distraction"), the second question
being phrased to ask for non-attention. To keep the questionnaire, which has to be filled repeatedly,
short and simple, other aspects are not inquired with additional control questions.

As the Ideal Path Score is conceptually a measure of the goal-orientedness and overall performance
of a user, participants are also asked for their self-assessment of these aspects for comparison.

The questions on "Virtual Assistant" and "Difficulty" directly relate to the tuning of the game’s
adaptivity and are used to evaluate hypothesis H3.
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Titel �estion Label Min (0) Label Max (7)

A�ention Variation How much did your a�ention vary during the game
session?

even a�ention significantly
varying a�ention

A�ention How concentrated on the game have you been on
average?

very distracted very concentrated

Distraction How much did other thoughts and things in your
surroundings engage you during the game session?

not at all significantly

Virtual Assistant How did you perceive the number of hints from the
virtual assistant?

too few hints too many hints

Di�iculty As how di�icult did you perceive the game? very easy very di�icult

Goal-Orientedness How determined did you persue the objective of the
game?

not determined very determined

Performance Overall How would you rate your performance in the game? very weak very good

Table 6.3: Attention Questionnaire: Translated questions and labels of questionnaire ito be answered
after each game session.

Concluding �estionnaire

At the end of the experiment, after playing the 5th round of the game the participant has to answer a
short additional questionnaire testing his learning and recording demographics.

The questions to check learning effects are taken from the initial evaluation of the SaFIRa game
[Bie16] for comparability. The participant is asked which of the three tanks displayed is tank "T42"
(the target tank during the game) and which is tank "Tiger 1" (one of the other tanks displayed on the
map). Figure 6.6 shows a screenshot of the original test question in German.

Figure 6.6: The questions of the original questionnaire inteded to test learning outcomes.

Demographic information is also asked in this concluding questionnaire. Age, amount of time
spent using a computer and extent of playing video games (the former two as a subjective rating on a
scale of 1-7) were recorded.

The original questionnaire in German can be found in appendix A2.
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Results

The results regarding correlations with user attention and goal-orientedness remain inconclusive
because no observed participants showed low levels of attention during the experiment. My Ideal
Path Score approach significantly improved the adaptivity mechanisms, however.

Table 6.4 gives a brief summary of findings on each of the stated hypotheses and indicates the
sections in which related results are presented in detail. A general overview of the collected data and
the distribution of participants self-assessment ratingsis presented in section 6.4.1.

Hypothesis Results Details

H1.1 Correlation Ideal Path Score and A�ention inconclusive see 6.4.3

H1.2 Correlation Ideal Path Scroe and Goal-Orientedness inconclusive see 6.4.3

H1.3 Contribution of eye tracking to correlations improvements needed see 6.4.3

H2 Correlation generic eye movements and A�ention inconclusive see 6.4.4

H3 Contribution of Ideal Path Score to adaptivity yes see 6.4.2

H4.1 Increase of computed skill level not apparent see 6.4.2

H4.2 Contribution of Ideal Path Score to this increase - see 6.4.2

H4.3 Learning about tank types yes see 6.5.3

Table 6.4: Overview of results regarding the stated hypotheses.

Overview and Context

Participants

20 students and employees of the academic institution between the age of 22 and 59 participated
in the experiment after an initial pre-test. All participants reported to spend very much or much
time with computers. Experience with computer games was more varied but the vast majority of
participants plays few video games.

Figure 6.7: Participant Demographics

The participants, all having an academic background and being mostly students, are not necessarily
representative for all target groups of the diverse e-learning sector. However, in the scope of this
thesis a convenience sampling approach [Mar96], i.e. the selection of easily available participants,
was chosen for practical reasons.

Eye Tracking Data �ality

The eye tracking accuracy and precision was tested as describe in section 6.3.2. As shown in table 6.5
these quality measures of the eye tracking data were similar at the beginning and the end of the
experiment. This shows that the calibration before start of the experiment was sufficient and recorded
eye movements are comparable across the whole duration of the experiment.
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Data quality Average SD

Accuracy a�er calibration 58.6 pixel 29.3 pixel

Accuracy just before end of recording 60.9 pixel 41.5 pixel

Precision a�er calibration 34.7 pixel 25.4 pixel

Precision just before end of recording 35.2 pixel 33.4 pixel

Proportion of dismissed participants 10 % -

Proportion of lost data samples in retained data (average) 5.6 % 7.5 %

Table 6.5: Eye tracking data quality report for the collected data. Precision values reflect the standard
deviation of samples. The proportion of lost data samples only includes the tracking during game
sessions and is an average of the proportion of each session and participant.

However, there were significant differences in data quality between participants, which can be
explained by varying circumstances, e.g. some participants wearing glasses. My metrics examined in
this experiment do not rely on very fine gaze measures (e.g. distinctions which word in a text was
fixated), therefore the recorded data quality is sufficient.

Two participants were excluded from the evaluation because of a high proportion of lost data
samples (50% and 38%). From observation this was probably due to participants wearing glasses
and sitting very bent towards the screen.

�estionnaire Responses

Figure 6.8 shows the distribution of the ratings participants gave themselves after each game session
when answering the questions of the questionnaire as described in table 6.3.

After most sessions, participants rated themselves to have had high (a), steady (c) attention and
very high goal-orientedness (e), while ratings are still spread out over the scale. This noticable
variation will be examined for correlations with the designed metrics in the following sections.

For most sessions the participants saw themselves performing well (d), rating themselves in
the upper half of the scale but between medium (rating of 4) to high (rating of 6) performance
assessments occur in similar numbers. The difficulty of the game (f) was perceived very differently
although participants tended to find the game rather easy than difficult. The distribution of the
self-assessment ratings of participants regarding their overall performance (d) and the perceived
difficulty of the game (f) are more spread out than the other ratings. These are likely also influenced
by confidence and video gaming experience of the participant.

Overall it has to be noted that the very general phrasing of the questionnaire and the inherent
nature of self-assessments probably produced some subjective variation that cannot be objectively
explained.

To receive a more reliable value of self-assessed attention for each session an additional rating was
computed by combining the participants ratings of attention and distraction for that session. The
resulting "undistracted attention" rating is defined as follows:

"undistracted attention"of session s =
at tenti ons + (7−di str acti ons)

2
(6.1)

The distraction rating is inverted by subtracting it from maximum of the scale. The distribution of
the "undistracted attention" rating is shown in figure 6.9. Analysis in the other sections are based on
this "undistracted attention" but for simplicty the rating is just called "attention" in the following.
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Figure 6.8: Distribution of participants’ self-assessment ratings after each session.

Figure 6.9: Distribution of the computed "undistracted attention" ratings (see 6.1).

The the vast majority of sessions the participants rated their attention as very high: 47 of the
86 sessions have an "undistracted attention" rating of at least 6 on the scale of 0 to 7. Therefore
generalizations from this data about really low attention are very limited.

The fact that the variations of this rating, which is based on subjective self-assessments, are so
small is one likely reason why any analysis regarding attention turned out to be inconclusive as
discussed in section 6.5.4.

Collected Data

A total of 86 sessions from 18 participants comprise the filtered dataset. This excludes the two
participants with high eye tracker data loss (see 6.4.1) and four sessions of other participants that
had to be aborted due to a bug in the game.

Detailed log files containing user actions, eye movements, adaptivity feature calculations and ELAI
communication were written by the framework. These contain timestamps and raw data in addition
to aggregated results and are saved in the CSV format to be easily parsable. Figure 6.10 shows an
examplary extract from a log file.

The raw data was analyzed and summarized for detailed evaluation. Figure 6.11 visualizes the
measured Ideal Path Score and its components in the course of a game session as well as the adaptive
help triggered by it.
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Figure 6.10: Extract from a log file written by the framework. Logs are stored in CSV format and contain
a timestamp and catogory for easy processing.

Figure 6.11: Timeline of Ideal Path Scores and its influencing factors over the course of a game session.
It can be seen that negative Ideal Path Scores (blue line) over a certain time span trigger the adaptive
help mechanism (green triangles).

Session duration (i.e. the time needed to find the target tank) was 109.6 seconds on average. Apart
from three exceptional sessions (durations of 436s, 410s and 270s) participants always found the
target in less then four minutes. These outliers were caused in one case by the participant explicitly
exploring the game rather than searching the target but in another case simply by difficulty to find
the target.

The duration not only depends on the player’s skill but is also strongly influenced by the random
starting positions of each session. Table 6.6 shows the average duration for each session as well as the
distance of the player avatar to the target tank at the start of the game session. The experiment was
set up in so that each participant played with different starting positions in his or her five sessions
but across all participants the same five starting positions were used. Figure 6.12 displays histograms
of the session durations of participants for each session.

Session Duration Mean Duration Std Distance to Target

1 125.8 s 87.8 s 9.74 km

2 105.5 s 60.8 s 7.30 km

3 78.6 s 42.3 s 15.80 km

4 133.5 s 90.3 s 14.90 km

5 102.2 s 41.9 s 15.40 km

Table 6.6: Overview of session durations and distance to target tank at beginning of the session.

One would expect reduced durations for later sessions due to learning. However, such a trend
is not visible in the data (table 6.6). Because of the different starting and target positions in each
session this is not surprising, considering the small number of only 5 sessions. During session 4 the
target tank was also partially concealed by buildings in a narrow street, which made it much harder
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Figure 6.12: Histogram of session durations of all participants for each session. The histogram bins
each cover 30 seconds.

to find than during other sessions.

Hints On average, participants were shown 6.0 hints each session. To discount for the varying
distance and challenge between the five sessions, table 6.7 also shows means and standard deviations
of the number of hints per minute. This value seems to be rather stable across sessions: After
participants got used to the game in session 1, the mean of the number of hints per minute stays
between 3.3 and 4.0 for sessions 2-5.

However, the standard deviation is extremely high, reflecting observations from the experiment
that participants used different strategies playing the game. While some participants challenged
themselves to request as little help as possible, others liberally requested hints to avoid running in
the wrong direction. To some extend this is caused by the fact that the SaFIRa game is lacking a clear
score that could give players an objective indication how they should approach the game, e.g. by
penalizing help requests. These issues are further discussed in section 6.5.3.

The median number of hints during a session is 4, which is considerably below the mean value of
6.0 as there were a few sessions with a very large number of hints. In one extreme case 29 hints were
displayed during a single session.

Session Hints/Session Median Mean Std Hints/Minute Mean Std

overall 4 6.0 5.49 3.3 2.12

session 1 3.5 4.4 3.96 2.1 1.58

session 2 4 5.8 5.08 3.3 1.69

session 3 3 4.9 4.16 3.8 2.10

session 4 6 8.2 8.11 3.6 2.30

session 5 5 6.8 4.91 4.0 2.50

Table 6.7: Statistics on the number of hints displayed during a game session.

The hints at difficulty level 3, which only stated the target distance without a direction, forced
participants to change their strategy (refer to figure 3.8 for an illustration of different help levels).
Many participants then employed a triangulation approach, requesting many hints in quick succes-
sion to check where the target gets closer, which explains the vast difference in the number of hints
displayed between sessions at difficulty level 2 and 3, which is shown in table 6.8.

The considerably different playing style at different difficulty levels is not only a challenge for the
analysis of this experiment, notably it is also an important factor for adaptive interventions. This
suggests that an adaptivity system like ELAI may not only need to be aware of game mechanics
in general but also very specifically of the current context and settings in order to make really
appropriate adaptivity decisions. On the other hand, this shows that some adaptive settings can have
large consequences for the user, like in this case the adaptively estimated skill level which determines
the difficulty level of the game.
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Di�iculty Level Hints/Session Hints/Minute

Median Mean Std Mean Std

overall 4 6.0 5.49 3.3 2.12

2 3 4.3 3.15 2.5 1.35

3 11 10.7 7.62 5.3 2.52

Table 6.8: Statistics on the number of hints displayed split by difficulty level. Difficulty level 1 excluded
due to low sample size.

Adaptive hints, i.e. hints triggered automatically by ELAI’s influence parameter "needsHelp", on
average made up 31% of all hints shown (median 20%). Figure 6.13 shows the distribution of this
ratio across all sessions, the differences between "Legacy" and "Ideal Path" adaptivity are further
examined in section 6.4.2.

Observations during the experiment showed that many participants requested help faster than
the adaptive mechanism would trigger them. Therefore adaptivity only played a minor role in those
cases. Indeed during 31 sessions, that is more than a third of all sessions, all displayed hints were
actively requested by the player.

Also, it is worth considering to infrequently display hints to players although they are making
progress. This would explicitly provide confirmation to the player that he is on the right track to
assure him. Such a mechanism is currently not provided by the adaptivity and a number of players
actively requested hints to get confirmation in such situations.

Figure 6.13: Ratio of hints triggered automatically by the ELAI adaptivity.

Comparison of Legacy and Ideal Path Based Adaptivity

In order to examine the contribution of the Ideal Path Score to suitable adaptivity decision (hypothesis
H3) I compared my developed Ideal Path based adaptivity system with a version of the game with the
original adaptivity mechanisms (termed here as "Legacy"). This "Legacy" adaptivity was designed by
[Bie16] and is also the foundation of my Ideal Path based adaptivity, which extends and improves it.
As described in section 6.2 presenting the experimental setup, participants were assigned to either
play with the "Legacy" or the "Ideal Path" system. In the resulting dataset there are 43 sessions each
played with "Legacy" and with "Ideal Path" adaptivity.

In a nutshell the evaluation shows that Ideal Path Scores clearly improved the adaptivity mecha-
nisms of adaptive help messages and skill level classifications compared to the original adaptivity
and therefore contribute to the questions of when and what should be adapted.

Adaptive Help

As figure 6.13 shows, adaptively triggered hints were much more common with the "Ideal Path"
adaptivity. This indicates that despite a lack of clear correlation between the designed Ideal Path
Score and measures like session duration or self-assessed attention and performance (see 6.4.3), the
Ideal Path Score is successfull in practice.
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A high ratio of adaptively triggered hints does not necessarily indicate good adaptivity as this
also includes cases with many unnecessary hints. On the other hand, the fact that only a very low
percentage of hints is triggered automatically through adaptivity clearly indicates that the adaptivity
mechanism is unable to estimate the players subjective need to get help. This is the case for the
"Legacy" adaptivity system, which has a mean of only 16% adaptively triggered hints. The "Ideal
Path" adaptivity system is much better at providing needed help with a mean of 46% hints triggered
adaptively. Still no participant using the "Ideal Path" version of the game stated that he received
clearly too many hints (6 or 7 on the scale of 0-7) in any of the session questionnaires (see figure 6.14).

Figure 6.14: Participants’ impression of amount of hints from the questionnaire for each game session.

Skill Level Estimation

In addition to triggering automatic hints, adaptivity in the SaFIRa game is responsible for estimation
the player’s skill level that then influences the difficulty level. The method of skill level computation
is explained in detail in chapter 5.4. My assumption prior to the experiment was that the skill level of
participants generally should increase with their experience in later game sessions (hypothesis H4.1)
and that the mean Ideal Path Score of the session, which is used as a didactic factor in the skill level
computation, would reflect this expected increase (hypothesis H4.2).

For comparability during this analysis, the normalization of the didactic factors (see 5.4) is calcu-
lated for all sessions with the same values. The minimum and maximum values in the overall dataset
from the experiment are used rather than - as would be the case in a deployed system - only data
available up to that point in time. I chose this approach for my analysis because the normalization
values from my experiment would otherwise change very often. For a deployed system in practice
on the other hand it is reasonable to assume that in its large dataset the extreme values used for the
normalization would only change seldomly.

Because the skill levels were calculated during analysis after the experiment, the values of all
variations (IP and Legacy) are available for all sessions regardless of the version the participant
played during the experiment.

Figure 6.15 shows the calculated skill level for each session from the IP system and the Legacy
system algorithm as well as the contributing didactic factors by themselves. The assumed trend of
increasing skill level in subsequent game sessions is not apparent. However, the varying challenge
between the five sessions played by each participant also need to be considered. To compare these
influences figure 6.16 shows the subjective ratings of participants about how difficult each session
appeared and how they rated their overall performance.
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Figure 6.15: Means and standard deviations within session 1-5 for the computed skill level and didac-
tic factors. Duration and help are inverted as higher values for them indicate lower skill.

Figure 6.16: Subjective difficulty and performance ratings of participants by session. These ratings
show that there are additional influencing factors for skill level estimation.

Looking at the plots, the participants’ perception of their performance appears to be related to the
duration factor, while perceived difficulty seems to be reflected by differences in mean Ideal Path
Scores. The correlation coefficients shown in table 6.9 confirm that there are significant correlations
of these ratings of performance or difficulty in particular with the "IP Score" and the "duration"
didactic factors.

The mean Ideal Path Score of a session therefore is a useful indicator at least of the participants
perception of performance and challenge. This leads to much higher correlations of the newly
developed Ideal Path based skill level estimation with participants’ perceived performance (r=0.30)
and difficulty (r=-0.16) compared to the correlations of the Legacy system skill level with these (r=0.19
with performance, not significant with difficulty). However, these correlations are still rather low.

The interaction based "IP Move Factor" is contribution most to this correlation. While the original
eye tracking score ("IP Gaze Factor") does not show correlations with perceived performance or diffi-
culty the discretized version "IP Gaze discretized" actually shows better correlation with perceived
performance than the help didactic factor (see table 6.9).

Correlation of the Ideal Path Score and A�ention

The Ideal Path Score evaluated here was designed as described in chapter 4.1. The expectations
(stated as hypotheses in section 6.1) were that the score correlates with the self-assessed ratings for
attention (H1.1) and goal-orientedness (H1.2) and that the eye tracking based component contributes
to this in particular (H1.3).
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Performance Di�iculty

r p r p

skill level (IP) 0.29923 0.0051 -0.1617 0.1369

skill level (Legacy) 0.18889 0.0815 -0.0274 0.8025

duration 0.38949 0.0002 -0.3297 0.0019

help 0.17795 0.1012 -0.2902 0.0067

di�iculty -0.13922 0.2011 0.3872 0.0002

IP Score 0.38756 0.0002 -0.3434 0.0012

IP Move Factor 0.41118 0.00008 -0.3530 0.00085

IP Gaze Factor 0.00285 0.9792 -0.0725 0.5071

IP Move discretized 0.38391 0.0003 -0.3690 0.00047

IP Gaze discretized 0.21476 0.0471 -0.1148 0.2927

Table 6.9: Correlation of didactic factors with participants’ subjective performance and difficulty
ratings.

The fact that almost all participants rated their goal-orientedness and attention as very high
limits this analysis however (see figure 6.8 in section 6.4.1). These limations are further discussed in
section 6.5.4.

Correlations of the Ideal Path Score with the self-assessed attention and goal-orientedness
ratings are not apparent in the boxplots of figure 6.17. The same is true for the gaze and interaction
based factors comprising the overall Ideal Path Score. This analysis uses the mean score of the users
session as the feature value.

Very low goal-directedness appears to be distinguishable in the boxplot but this has to be put
into perspective by the extremely small sample size for this specific rating value. Table 6.10 shows
Pearson’s correlation coefficients and the corresponding p-values, which confirm that there is no
significant correlation with subjective attention for any of the Ideal Path based factors. Regarding
the subjective goal-orientedness there is a correlation especially with the Ideal Path Score and the
interaction based "Move Factor", although Pearson’s r only reaches 0.39 and 0.41 respectively.

P-values are testing the hypothesis of no correlation against the alternative that there is a nonzero
correlation. A small p indicates a low probability that there is no correlation, often results with p-
values below 0.05 are considered to show a statistically significant correlation. Regarding correlations
with user attention none of the examined factors stay below that threshold, therefore indicating no
statistically significant correlations.

As an additional feature the standard deviation of the Ideal Path Scores within a session may be
helpful, with a correlation coefficient of -0.32 (see table 6.10). This shows that during sessions that are
perceived as strongly goal-oriented the Ideal Path Scores, which are calculated for each move during
the session, tend to vary less. This trend fits the general expectation that a highly goal-oriented user
should perform more consistently than a less goal-oriented user.

Particularly the eye tracking based "IP Eye Factor" seems to provide no helpful information,
questioning hypothesis H1.3, that eye tracking data improves the examined correlations. However,
improvements to the eye tracking based score like discretization uncover a tendency of it to correlate
with participants goal-orientedness (see "Gaze Factor discretized" in table 6.10). Further tuning of
the eye tracking based features may still lead to an eye tracking factor that provides a significant
contribution to an overall Ideal Path Score. A more dependable target variable than the subjective
goal-orientedness rating could also support better evaluation.
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Figure 6.17: Correlations of mean Ideal Path Score of a session with attention / goal-orientedness.

A�ention Goal-Orientedness

r p r p

IP Score (Session Mean) 0.166 0.127 0.393 0.0002

IP Move Factor 0.158 0.146 0.395 0.0002

IP Eye Factor 0.111 0.309 0.138 0.206

Move Factor discretized 0.211 0.052 0.407 0.0001

Eye Factor discretized 0.086 0.429 0.288 0.007

IP Score (Session Std) -0.034 0.756 -0.320 0.003

Table 6.10: Pearson’s correlation coefficients of Ideal Path Score and its factors with participants’ sub-
jective attention and goal-orientedness ratings. Corresponding p-values indicating the (lack of) statisti-
cal significance are also reported.

A�ention does not influence the session duration, that means the participants perceived
attention did not influence his "performance" in the game, in the sense that attentive participants
found the target faster. Figure 6.18 shows a scatter plot of session duration in relation to attention.
The assumption that higher attention would lead to better performance (i.e. reaching the target
faster) is refuted by this data. This is the case even after removing the influence of the difficulty
level (the data shown contains only sessions with the medium difficulty level, which was the most
common setting during the experiment). This raises the question whether any reliable inferences
can be made with relation to this subjective attention rating at all.

Session duration is correlated with Ideal Path Score, i.e. there is a correlation between Ideal Path
Score and the time taken to win a game session (see figure 6.19). Pearson’s correlation coefficient of
session duration with the session’s mean Ideal Path Score is -0.48, with the Ideal Path Score "Move
Factor" component even -0.51. Both correlations are statistically significant with p-values below
3 ·10−6. The eye tracking component does not contribute to this correlation however.
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Figure 6.18: The time to complete a session (duration) does not correlate with the participants atten-
tion for the session. These plots only show sessions at medium difficulty settings to remove this other
factor influencing the duration, the partial data plotted here consists of 60 sessions. The trends over
the full dataset are similarly inconclusive.

Figure 6.19: Relation between Ideal Path Score and session duration.

The main challenge during the analysis of the expected correlations was that the experiment did
not provide observations of sessions with really low attention ratings. The small variations in the
subjective attention (and goal-orientedness) ratings of participants did not show clear correlations
with the developed Ideal Path Score, however, whether correlations exist for more extreme differences
of the attention level cannot be answered with the conducted experiment.

This limitation is discussed in detail in section 6.5.4.

Generic Eye Tracking Features

In addition to the developed Ideal Path Score some generic eye tracking features were also evaluated
based on the data collected from the experiment. These generic features were commonly used in
related work (see chapter 2.3) and are examined here regarding their applicability in the context of
my thesis.

My hypothesis regarding such generic eye tracking features (H2 as stated in section 6.1) was that
they also correlate with the participants self-assessed attention.

Pearson’s correlations coefficients of the participants ratings of attention and goal-orientedness
with features like the mean fixation duration during a session, the fixation frequency or the changes
of pupil diameter are shown in table 6.11. There is no correlation of participants ratings with these
features, similar to the results regarding the Ideal Path Score presented in section 6.4.3. The problems
limiting a more conclusive analysis are the same as stated there: The lack of data from participants
with low attention prevents evaluation whether large differences in attention level can be detected
by the features (see discussion in section 6.5.4).
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A�ention Goal-Orientedness Performance Di�iculty

r p r p r p r p

fixationDurationMean -0.064 0.560 -0.098 0.368 -0.012 0.911 -0.199 0.067

fixationDurationStd -0.022 0.839 -0.107 0.329 -0.010 0.930 -0.217 0.045

fixationFrequency -0.040 0.716 -0.045 0.684 0.034 0.755 -0.238 0.027

pupilDiameterStd -0.148 0.173 0.045 0.682 -0.070 0.525 0.112 0.304

Table 6.11: Pearson’s correlation coefficients of generic eye tracking features with participants’ ratings
of subjective attention, goal-orientedness, perceived performance and perceived difficulty. The high
p-values indicate the lack of statistically significant correlation apart from cases regarding Difficulty,
which barely stay below the common significance threshold of 0.05.

Combination of generic and Ideal Path Score features is an evident approach to improve the
expressiveness of the generic eye tracking features. Related work reported that such generic eye
tracking features like the rate of fixations by themselves could not classify learning performance but
improved classification in combination with content specific features [Bon13].

The test this approach, regression trees were trained and evaluated using leave-one-out cross-
validation on different selections of variables including and excluding generic eye tracking features.
Table 6.12 shows the resulting mean squared errors. While adding generic features to the original
Ideal Path Score "Move Factor" and "Eye Factor" improved results slightly, adding generic features
actually deteriorated results from a tree based on the improved, discretized Ideal Path factors. No
clear conclusion about the benefits of generic eye tracking features can be derived from these results.

Overall, mean squared errors of the regression trees are extremely high, questioning any conclu-
sions made about minor improvements. This leads back to the general problems regarding the
observed attention ratings as discussed in section 6.5.4.

Feature Set Predicted A�ention

Mean Squared Error

IP Move Factor + IP Gaze Factor 2.82

IP Move Factor + IP Gaze Factor + Generic Features 2.69

IP Move Factor (discrete) + IP Gaze Factor (discrete) 2.68

IP Move Factor (discrete) + IP Gaze Factor (discrete) + Generic Features 2.92

Table 6.12: Prediction errors regarding the attention rating by regression trees trained on the given
variables. The "Generic Features" are mean fixation duration, standard deviation of fixation duration,
fixation frequency, standard deviation of pupil diameter calculated for each session.

Discussion

As shown above (section 6.4), parts of the evaluation’s results, particularly the analysis regarding
attention, were inconclusive. The factors influencing these results, illustrated in figure 6.20, are
therefore revisited here in the discussion.

Problems, limitations and possible improvements for future work are discussed regarding the
framework and implementation of eye tracking and adaptivity (section 6.5.1), the concepts of the de-
veloped Ideal Path Score that was evaluated (section 6.5.2), the game SaFIRa used for the experiment
(section 6.5.3) and the experimental setup (section 6.5.4).

The main challenges were caused by the complexity of the game, limiting inferences because
specific aspects were often influenced by many parameters, and the lack of samples with low atten-
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Figure 6.20: Overview of the discussion of components influencing the experiment’s results.

tion levels, restricting the search for correlations to small variations of attention that are apparently
insignificant.

Framework and Implementation

The implemented framework served as a suitable foundation for the experiment. Deployment to the
lab system with a different eye tracking device worked seamlessly. The computation of adaptivity
parameters by the framework, which integrated game and ELAI server, did not reveal any problems
during the experiment.

Features and Concept

The results overall have to be interpreted with some care because of the limitations of the experimen-
tal setup (see 6.5.4) and the game "SaFIRa" used for the evaluation (see 6.5.3).

Adaptivity decisions were clearly improved by the developed approach of Ideal Path Scores com-
pared to the original adaptivity of SaFIRa. The results show that the interaction based factor con-
tributed more to the expressiveness of the Ideal Path Score, suggesting that inferences from interac-
tions are at least easier to "get right" compared to inferences from eye tracking data. On the other
hand, the discretization of the gaze factor showed clear improvements over its original version, so
tuning of the specific feature proofs essential.

The game specific definition of the Ideal Path Score is an important factor and a considerable
challenge. In the course of the experiment it turned out that the primary actions in SaFIRa are
different than anticipated. Rather than searching for the relevant object, navigation through the
city took up most of the playing time. The designed interpretation mechanisms for players’ eye
movements were not successfull because these were tuned to the expected rather than the actual
gameplay. This demonstrates the importance and difficulty to define features that are exactly
concerted with the game they are applied to.

The normalization mechanism for Didactic Factors could possibly trouble the adaptive skill
level classification. Considering the large variations of the challenges and task durations observed
between the 5 different game sessions every participant played, normalization based on global
maximum and minimum values is questionnable. The Didactic Factors, among them the session
duration and the number of hints displayed, are currently normalized using the overall maximum
and minimum values in the database (see 5.4). This means a single, very easy or very hard session
can skew the skill level calculation for all following players. A factor like the distance to the target at
the start of the session could control for this effect and might lead to better skill level estimates. This
issue was not examined any closer during the evaluation, however.
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Correlations of user a�ention with the Ideal Path Score were not apparent. The total lack of
such a trend for the gaze factor questions the assumption that eye movements can be a powerful tool
to estimate attention despite the limitations posed by the experimental setup of this evaluation. Eye
tracking information may be more suitable to assess player performance or to implement adaptivity
mechanisms that are more directly based on specific eye movements, like noticing a displayed
message.

Other sensors or classifiers could improve results by providing a more comprehensive model
of the user. Facial expressions or body posture come to mind and could be extracted from the
additional data recorded during the experiment using webcam and Kinect. The use of machine
learning techniques to interpret the collected data is also an interesting possibility if enough data
can be collected to train such systems.

Limitations of the Game "SaFIRa" and Possible Improvements

The game SaFIRa was chosen for the experiment of this thesis because it was readily available and
modifiable. The game already contained ELAI integrated adaptivity mechanisms on which my work
could improve upon. Also, SaFIRa is a full game - albeit of limited scope - rather than a simplistic
setup solely for an experiment. This allowed to test adaptivity in a realistic context.

However, during the course of the experiments it became apparent that SaFIRa has a number of
shortcomings as well as fuzzy game objectives. This turned out to be an important limitation for the
analysis to make clear inferences because it led to varying attitudes and strategies of the participants
and many degrees of freedom in the experiment. Analysis was difficult then because of a multitude
of parameters incluenced the examined observations, limiting clear inferences.

The assumed learning objective for SaFIRa by [Bie16] is that players learn to distinguish (and
name) different tank types that appear in the game. [Bie16] reports in his evaluation that 100 %
of participants correctly recognized the target tank T42 in a post-test, while only 58 % recognized
the other queried tank type. During my experiment I included the identical question and was able
to reproduce the result that the target tank T42 is recognized by 100 % of participants. However,
only 40 % of participants recognized the distractor tank type, that was not in the focus of the game.
Looking at the gameplay in addition to these results, it is highly questionable whether the game is
suited to teach different tank types because most time and effort is spent navigating through the city
according to the virtual assistance’s guidance rather than actually scanning and identifying vehicles.

A clearly defined gameplay objective was also missing for SaFIRa in its current state. While the
lack of a coherent learning objective did not impede my experiment, the lack of an unambiguous
gameplay objective left the participants playing style unrestrained. The players generally tried to find
the target tank as fast as possible but the game does not present any score for a completed mission.
Therefore the player does not receive feedback and - as requesting help is not penalized - has no
general incentive to use as few help as possible. In this case, whether the player relies on many hints
or challenges himself to win without them remains the choice of the player. Indeed, one participant
of the experiment stated that he would have requested less help if there would have been a penalty
for requesting help.

Adaptive hints are useful according to most participants. Some participants stated that they
had already forgotten how to actively request hints or that they felt supported by this automatic
measure. But one participant also felt that the automatic hints should give him more time to search
on his own before intervening. To provide feedback and assurance to players moving in the right
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direction, it should also be considered to display occasional hints adaptively in such situations. Many
participants actively requested hints to confirm that they were on the right track.

Other minor problems of the game are listed below. Some of these glitches confused or an-
noyed participants and probably influenced in-game behaviour, other problems and suggestions by
participants are just listed here as the experiment turned out to also be an effective playtest.

• Distances stated in hints were scaled incorrectly, which confused players trying to orient
themselves in the city.

• Cardinal directions in hints were confusing because a target just slightly North of the player
leads to a message stating "cardinal direction North-West" rather than "West".

• Game boundaries are not intuitively marked, most players reached the limits of the accessible
map and tried in vain to move further.

• The player does not receive any cardinal direction of the target at the start of a session and
therefore needs to immediately request a hint or start moving in an arbitrary direction.

• Some players won the game "by accident" as they passed the target tank without even recog-
nizing it, which is treated by the game like successfully finding the target.

• Hints of the highest difficulty level (not stating the cardinal direction) make the game much
harder and require a very different strategy and more hints.

• The mechanism to request help, clicking on the virtual assistant and then again on the appear-
ing questionmark, is not intuitive and often confuses players despite the explanation in the
introduction.

• The button to show the next page of the introduction is easy to overlook, causing players to
unintentionally skip the rest of the introduction.

• The design of the introduction page showing the three different tank types suggests that the
player can choose the target tank type. If implemented, this could be a good measure to have
players focus on different tank types.

• The low resolution of the underlying map makes street names hard to read.

• Where the avatar can move (i.e. what lines of the map represent legit streets) is not always
clear.

• The text describing keyboard controls at the bottom left of the screen is often hard to read due
to the background.

• Vehicles are sometimes placed partially "inside" buildings.

Limitations of the Experimental Setup

The biggest challenge for the experiment and analysis was posed by the use of the game SaFIRa in its
current state. The game-related issues are discussed in the separate subsection 6.5.3.



70 6 Evaluation of the Ideal Path Score Approach

The high number of degrees of freedom within the game made analysis of specific aspects
like gameplay performance very difficult because these were often influenced by many factors. For
example, session durations (i.e. the time taken by the player to find the target) depends on the
randomized starting positions, the difficulty setting of the game and multiple aspects of the playing
style of the particular player like his affinity to request hints. This multitude of parameters, some not
objectively measurable, limited comparability across participants and game sessions. Examination
of clear correlations between only two isolated parameters were therefore not possible.

The number of participants of the experiment had to be limited within the scope of this thesis
due to time constraints. In connection with the challenges regarding the degrees of freedom, the
limited size of the collected dataset may be responsible for some results lacking statistical significance.
A larger dataset can also provide the base for other techniques like advanced machine learning to
discover patterns in the data.

The question of correlations with participants’ attention turned out to be particularly complex and
needs to be examined in an experimental setup exclusively tuned to question. If possible, this should
also be done with a larger number of participants, which could provide data for advanced machine
learning and data mining techniques.

The questionnaire based approach to survey a subjective cognitive state - in this case the level
of attention - is common in games research according to the extensive review of [Boy12] and was
also used in related work like [Jen08]. From the experiences of the experiment the the designed
questionnaire should be improved regarding the question whether there were too many or too
few hints. This should be phrased more clearly as some participants related this question only to
automatically shown hints, others to all hints including the actively requested ones.

No observations of low a�ention could be recorded during the experiment. The vast majority
of participants rated their attention as very high, as presented in section 6.4.1. This limited the
analysis of correlations with user attention. While the small differences in attention apparently had
no effects on the playing performance or the Ideal Path Scores, comparison between sessions played
with very different attention levels were not possible because such cases were not observed with this
experimental setup. The question about such correlations therefore remains inconclusive.

The fact that most participants apparantly showed high attention is not surprising. Due to the
special environment of an experiment where participants were observed during play, this was to be
expected. By using an eight point scale I successfully tried to avoid an outcome where all participants
would rate their attention at the exactly same level.

The variations between participants’ ratings of their attention lacked correlations with measured
variables like Ideal Path Score or even session duration. The subjective nature of participants’ self-
assessment ratings may be one explanation for the lack of correlations. As there were only small
differences between the participants generally high ratings of their attention, these variations might
mostly be subjective rather than objectively measurable differences in the "real" level of attention.
With the collected data no conclusions can be made about more extreme differences in attention
because such cases were not observed during this experiment.

One way to provoke differences in attention during future experiments is a setup that artificially
provides distractions during some phases of the experiment. Another approach can be the use of a
particular type of game that includes relaxing and demanding game phases which can be exactly
identified.
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Conclusion and Outlook

Overall, this work provides insights on how eye tracking can be integrated into the adaptive cycle of
e-learning adaptivity. It highlights the challenges of meaningful assessment of eye movements and
reports important experiences about the experimental setup to evaluate such an approach.

Adaptive serious games attempt to automatically tune their gameplay and challenges to the
individual player in order to provide conditions that allow the player a flow experience as well as
more effective learning. To make appropriate adaptivity decisions, such adaptive systems need
accurate models of player’s skills and current state. This thesis contributes to this overarching goal
by developing and evaluating an approach to model player attention and performance based on
players’ interactions within the game and their eye movements recorded by an eye tracker.

Within the scope of this thesis I implemented a framework which facilitates integration of eye
tracking into the adaptive cycle, designed an "Ideal Path Score" to assess attention and game per-
formance, conducted a user study to evaluate the developed approach and analyzed details of the
collected data.

Correlations with players’ a�ention could not be discovered for the developed Ideal Path
Score or its interaction and eye tracking based components. During the experiment participants only
reported high or very high attention, therefore preventing comparisons of observations with largely
different levels of attention during analysis of the results. To achieve conclusive results whether
correlations between eye movements, Ideal Path Score and attention exist, further examination is
necessary.

The tendencies shown in the evaluation of this thesis, however, cast some doubt on the initial
assumption that eye tracking is a powerful tool to specifically estimate user attention.

Adaptivity mechanisms were improved by the developed Ideal Path Score. Compared to the
original adaptivity mechanisms this new approach was able to assess a player’s need for help much
more accurately. The successful application of the Ideal Path Score towards the core objective -
improved adaptivity - demonstrates that this is a promising approach.

However, it remains questionnable how much the eye tracking information contributed to this
success. Rating eye movements in a meaningful, game specific way turned out to be challenging
because of the complexity of gameplay and different player strategies even in a simple game like the
one used in the experiment.

Based on the observations and the collected data, further improvements to the definition of the
Ideal Path Score can be achieved. The potential for improvements was already demonstrated by an
alternative, discretized definition of the "Gaze Factor", the component of the Ideal Path Score rating
eye movements.
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72 7 Conclusion and Outlook

Future Work

This thesis provides a base for further analysis of user attention and more specialized adaptivity
mechanisms based on eye movements.

Further study of user a�ention is needed to conclusively answer questions about correlations
of eye movements with users’ attention. The experience from the conducted experiment for this
thesis can provide valuable input for an improved experimental setup. Adding phases of controlled
distraction could provoke periods of low attention on the game, making observation of a larger
range of attention levels possible. Also, the degrees of freedom in the evaluated game, like changing
difficulty levels, should be limited as far as possible to control other influences on eye movements. To
receive more significant results a larger number of players should participate in such an experiment.

Other sensors could help to build a more comprehensive model of the player’s state or attention.
During the conducted experiment additional data from a webcam and a Kinect sensor were collected.
These were not analysed within the scope of this thesis, however. Features like facial expressions
or posture should be considered and further examined regarding their use to improve attention
estimation and adaptivity decisions.

Use of more advanced classification techniques from machine learning could provide a good way
to combine features from such different sources if enough training data can be collected.

Transfering the approach to other games would put the results of this work on a broader
foundation. Time constraints limited the implementation and evaluation of my approach to only
one serious game in this thesis.

On a technical level, transfering the developed approach to other games should not pose difficulties
as the developed framework was designed with a focus on extensibility and portability. Experiences
how the details of the valuation of specific interactions and eye movements that make up the Ideal
Path Score need to be adapted to different games would provide important insights about the overall
approach. How suitable eye movements are to assess players’ attention and game performance
possibly also varies for different game genres.

Specialized adaptivity based on eye movements could provide valuable extensions to the more
general adaptivity controlled by abstracted classifications of the player.

For example, [Bie16] reports that in the initial evaluation of the game SaFIRa some players did not
notice adaptively updated help messages. Eye tracking information can reliable detect when a player
looks at such a message. A simple adaptivity component could therefore continuously monitor
whether the player notices the adaptively displayed help messages and more prominently highlight
a message if necessary.

In such situations eye tracking enables very specific but potentially powerful adaptivity mecha-
nisms.
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