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Abstract. Computer games are currently one of the computer science applica-
tions with the highest amount of users. “Serious gaming” approaches try to use
the attraction of playing games to convey serious content in an entertaining way.
This paper presents a multi-agent-architecture for collaborative, serious and casual
games. We are combining serious games with casual games, as these are known to
have a high potential for frequent gaming by people of various social and educa-
tional background. To be flexible concerning the learning domain an ontology-based
approach has been used. Thus, new games for different knowledge domains can be
created by exchanging the ontology accordingly. Furthermore, we use a “game
with a purpose” approach to enable the computer to learn new facts about the
games knowledge domain to ease the effort of adapting the basic game to the in-
tended target domain. The presented system is capable of proposing candidates for
missing relations in the underlying ontology as well as pointing out possible mis-
conceptions – either within the ontology or by the players – using various heuristics
including “wisdom of the crowds” methodologies. The feasibility of the presented
approach and its implementation (the Matchballs game) is shown by three case
studies each focusing on one aspect of the system.

Keywords: CSCL, multi-agent-architecture, serious games, games with a purpose,
ontologies
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1 INTRODUCTION

The “serious gaming” approach tries to use the attraction (i.e. the fun factor) of
computer games not only for entertainment purposes, but also to convey serious
content at the same time. Serious games have been established in vocational and
advanced training over the last years and have a big potential for informal further vo-
cational training [1]. While serious games are used for educating humans, in “games
with a purpose” (GWAPs) (cf. [2]) human intelligence is exploited to facilitate tasks
that are otherwise difficult or impossible to reach by computational means, i.e. the
computer learns from humans (“human computing”) (see also Figure 1).

Figure 1. Serious games vs. GWAPs

Thus, apart from teachers and students being interested in getting information
about common misconceptions to correct these, it should be possible to use the so
called “wisdom of the crowd” to enrich a pre-built ontology. Consequently, regarding
the GWAP context the game can be characterized as an ontology maintenance game.

Of course, such a game will not be a perpetual motion machine, since there
has to be a knowledge base in the beginning (“stimulus energy”), and the gained
“knowledge” should be revised by experts before providing it to learners (“energy
loss by friction”).

Our research investigates whether it is possible to create a motivating game that
educates and gains new knowledge at the same time. In a way we try to transfer
the “learning by teaching” [3] methodology to computers. We therefore combine the
approaches of serious games [4] and “games with a purpose” [2].

1.1 Related Work

Serious games are often used to virtually train situational behavior like conflict reso-
lution or firemen training or to implicitly transport some knowledge that would not
be transferred easily otherwise, because it is too abstract (e.g. nutritional education
for young diabetes patients) [4]. They have been applied to a broad spectrum of
application areas, e.g. corporate and military training, healthcare, education and



654 N. Malzahn, S. Ziebarth, D. Kloke, H.U. Hoppe

cultural training [5]. Some authors [6] define serious games as being inherently
complex, but there are various other definitions of serious games [7] stressing the
entertainment aspect [4].

GWAPs are typically casual games, in which pairs of players collaborate to reach
the goal specified by the game. By playing the game, they externalize knowledge,
which can be incorporated (learned) by the technical system. Typical fields of
application for this “human computing” are audio, image, video and text annotation
as well as ontology building and alignment1 [2, 8, 9]. An example for a GWAP used
for image annotation is ESP Game, in which two players have to guess what words
the partner is using to describe an image [2]. The word they “agree” on is considered
to be a good label for the given image and can be used to index it. Verbosity [8] is
an example for a GWAP aiming at ontology creation and maintenance. Similarly to
TabooTM one player takes the role of a “narrator” describing a secret word by filling
sentence templates and the other player has to respectively guess the secret word.
By describing the word the narrator states common-sense facts regarding this word.
Another example for ontology creation GWAPs is OntoPronto, in which two players
try to map randomly chosen Wikipedia articles to the Proton ontology [9].

While GWAPs could partially be used for training, e.g. ESP Game or Verbosity
could be used by non–native English speakers to train their English vocabulary, this
aspect is not discussed in the literature.

Casual games are known to be small games with a high potential for frequent
gaming by people of various social and educational backgrounds. These games
are characterized by simple and easy to learn rules and either by slowly increasing
difficulty or a time limit combined with a high score list. They are not very time
consuming and can be played occasionally, so they not only appeal to regular gamers
but to the mass audiences [10]. Examples for casual games go back to games like
Tetris and Pong and are currently produced for all types of devices including but
not limited to mobile phones and especially browser games.

1.2 Game Idea

To create a game which educates users and learns from them at the same time,
we decided for a simple allocation game, in which users link concepts to create
simple statements (see Figure 2). A statement consists of two concepts linked by
a predetermined relation types.

The game itself is kept simple with easy to learn rules and controls, and a session
should only take a few minutes, like a “casual game”, so it can be used in formal as
well as in informal learning contexts.

Furthermore, the game is collaborative and playable either as a two player game
or as a single player game with a bot. The goal is to agree with the teammate on
as many relations as possible in a given time.

1 see for example: http://semanticgames.org, last access: 20.08.2013
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Figure 2. Game idea

1.3 Expected Benefits

In the multiplayer mode two players play together, share their knowledge and are
rewarded for agreements. In the single player mode one player plays together with
a bot which has the (correct) knowledge of the ontology, so this mode can be used for
self-testing. Based on a constructivist view, the collaboration between the learners
leads to knowledge sharing [11]. Furthermore, the opportunity to work together is
supposed to be an incentive [12].

If the provided knowledge base is relevant to the learning context, students can
use the game for repeating learning content (similar to a vocabulary trainer). The
possible statements may either be concrete (like in case study 1 and 2) or they
are more general (like in case study 3). If the knowledge base contains the main
(higher) concepts of a topic, learners may be requested to abstract and generalize
their knowledge.

The content of the games is provided as an ontology, so it can cover a wide
range of domains. The ontology has very simple structure and thus can not only
be created by knowledge engineers, but also directly by teachers (as excel sheet).
Since ontologies are usually incomplete, because it is nearly impossible to represent
even a limited domain in full detail [13], relations created by the players that do not
occur in the knowledge base are not necessarily wrong, but possibly just missing,
especially if a significant amount of players creates them. Therefore frequently
occurring relations are very interesting, because either they can be used by know
ledge engineers to enhance the ontology or they are typically misconceptions to be
resolved by the teachers.

The overall process, the involved parties and resulting artifacts are displayed in
Figure 3.

2 MATCHBALLS – GAME PLAY AND INCENTIVES

Based on the reasoning above the Matchballs framework for simple ontology based
allocation games was created. In Matchballs the player creates statements by linking
(“matching”) concepts represented by balls (see Figure 4). A statement consists
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Figure 3. Benefits of the game for learners, teachers and knowledge engineers

of two concepts linked by one of four predetermined relation types. Each pair of
players sees the same game field which contains 15 concepts. If the players agree
on a relation, they score points and get time bonuses. They may see the relations
of their teammates, but not the relation types. The relations still to be matched
by the other player are visualized by hour glasses. The relations proposed by the
teammate are shown as lines of question marks. If the teammates agree on a relation,
this relation is displayed by stars, if they disagree, it is marked by red Xs.

In case study 1 we use the knowledge domain of food safety and hazardous
material regulations, which is an important topic of further education in the German
food industry. The considered concepts are specific situations, actions, dangerous
substances and edibles, which can be linked by using the four semantic relations “is
similar to”, “is more general than”, “results in” and “then you may not”.

Feasible statements are for example:

• <Chicken><is similar to><turkey hen>

• <Machine overheats><results in><fire danger>

• <Oil starts burning><then you may not><extinguish the fire with water>

To motivate the players to play the game, several incentives considering different
types of players are included into the game. For competitive players there are high
scores and time bonuses, which are well-known and often used incentives (e.g. cf. [14])
since early arcade games. Furthermore, players can collect “achievements”, which
are trophies for solving certain predefined tasks. In Matchballs achievements are
for example titles for playing a given number of games with another player (“team
player”) or with the bot (“robot’s friend”), or cups for gaining certain amounts of
points or extending the game for certain time spans (see Figure 5). Achievements
are a more recent kind of incentives often used in modern console games. They
not only address competitive players, but also people with collector’s passion, who
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Figure 4. Matchballs user interface

want to unlock the full set of obtainable awards. While competitive players tend
to play against the bot to be not dependent on the teammate, for team players the
possibility to play together with another human is an incentive of its own (cf. [12]).

3 ARCHITECTURE

The Matchballs system is based on a multi-agent architecture. “The concept of
multi-agent architectures relies on the idea that a collection of autonomous processes,
called agents, can achieve intelligent problem-solving behavior by coordinating their
knowledge, goals, skills, and plans” [15]. This kind of architecture is especially useful
for systems which integrate different processing and reasoning methods and have
the possibility to divide the problem solving knowledge into independent pieces [15].
Furthermore, multi-agent system can be easily extended.

These characteristics fit our goals very well. While there are currently only
few analysis agents, there are lots of methods, e.g. from statistics, data mining or
information retrieval, which could be used for further analysis integrating different
theories. Furthermore, the results of our first tests (see Section 4.1) could be used
for the development of further agents.

The central game server is based on the SQLSpaces [16] tuplespace implemen-
tation. Tuplespaces are inspired by blackboard architectures [17], which are char-
acterized by a data-driven approach. Their general principle is to have no direct
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Figure 5. Display of achievements

communication between the agents. These agents communicate by writing and
reading messages on and from the blackboard (i.e. the tuplespace). These messages
consist of tuples made of primitive data types (integer, characters, booleans) and
strings. This allows a programming language heterogeneous approach, since these
data types are available in almost all programming paradigms and languages. A sin-
gle tuplespace server may contain several tuplespaces used to divide the data stored
in the server into logic or semantic units.

The Matchballs architecture distinguishes five different categories of tuplespa-
ces: Configuration Space, Coordination Space, Game Spaces, Intermediate Space,
and Ontology Space (see Figure 6).

The Configuration Space holds the necessary information about the basic setup
of the game, i.e. which subset of four relations from the ontology residing in the
Ontology Space is available to the players. Additionally it is possible to enter labels
that are presented to the players for these relations and eventually change the di-
rection of a specific relation. This was included, because the nomenclature of the
ontology may be too confusing for an average player. For example we had to change
the initial label of a relation “more general than” to “more specific than”, because
for some reason this was easier for the subjects to decide. Of course, in this case we
did not change the ontology, but just the labels and the subsequent interpretation
of the played relations.
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Figure 6. Architecture of Matchballs

The Coordination Space is used to conduct the matchmaking between two human
players or to start a single player game. The GameClients register at the Coordi-
nation Space to announce their availability for a new game session and retrieve the
information about the Game Space they have to connect to. In our case studies
the GameClients reside in a Liferay2 portal, which is the JSR 2.0 portlet-oriented
enterprise portal that is used for the web presence of FoodWeb2.0; the project where
the case studies are embedded (see Section 4). The GameClient is implemented only
using HTML5 and JavaScript to cover most of the current browsers on the major
operating systems including those that have no flash support. Furthermore, this
allows any HTML5-supported content inside of a Matchballs. Although currently
only images and text are used in a ball, video and audio files could also be played,
e.g. for process sequencing tasks.

The first implementation of the agents was completely in Java [18]. The current
implementation additionally makes use of a prolog interpreter, which is used to
calculate analysis rules formulated in Prolog’s horn logics. A further explanation of

2 http://www.liferay.com/en/
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this mechanism can be found in Section 3.4. In the next sections we will explain the
core components of the architecture in more detail.

3.1 The Game Space

Each game session has its own Game Space, to which either two human players – put
together by the Matchmaker agent through the Coordination Space – for multiplayer
games or a human player and a GameBot for single player games are connected. The
Game Space holds all necessary information for a Matchballs game. That means
the Game Space consists of an excerpt of the Ontology Space, the current timer
as set by the Timer agent, the current score, and the links that have been made
by the players as well as its assessment by the Session Manager. The GameBot
has access to the whole information stored in the ontology excerpt, i.e. it is aware
of the complete knowledge that is represented in the respective ontology excerpt.
Thus, all associations made by the GameBot are correct assuming that the ontology
is adequately modeled. The excerpt from the ontology is created by the Session
Manager agent. It takes care that there is always a minimum of possible relations
between balls in the beginning. It also detects concordances of the two players
with respect to the links between balls made by each player. If an agreement on
an association is detected by the Session Manager, i.e. both players’ GameClients
wrote exactly the same tuple representing a link between two balls to the Game
Space, the Session Manager updates the score tuple of the current Game Space
and writes an assessment tuple for this link into the Game Space. A game ends
if the time is up. Afterwards the links made by the players (regardless if it was
a multiplayer or single player game) are collected by the Collector and put into
the Intermediate Space for further inspection. The Game Spaces are discarded in
a productive environment to save space. At the moment the Collector just counts
the occurrence of the specific relations made by the players and stores or updates
the amount in the Intermediate Space, because further analysis is conducted on the
data within the Intermediate Space.

3.2 The Ontology Space

The Ontology Space holds a tuple representation of the ontology. Every concept
and relation is represented by a tuple. The markers set by the analysis agents are
also represented in the ontology. The ontology design is based on SKOS (Simple
Knowledge Organization System) [19]. SKOS is quite a simple representation mech-
anism, but it is sufficient for our game. In our case study, we distinguish only
four association types, easily derived from SKOS-relations and we have few con-
cepts/classes and many individuals/instances, which can be categorized in SKOS’s
concept schemes. The restrictions on the ontology are caused by the spirit of the
game. Since it shall be a casual game for the masses, a huge, sophisticated system of
associations and concepts/classes would be misleading. With respect to the use of
the game as an ontology enrichment game, it is also not feasible to have a complex
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representation scheme. Last but not least, there is a plugin for Protégé for SKOS.
Thus, a popular editor for ontology creation, inspection and refinement can be used.
The import-export agent takes care of the proper translations of the tuple format
to SKOS (OWL format) and vice versa. The ontology used in case study 1 (see
Section 4.1) consists of 191 individuals connected with 91 associations distributed
on the different association types. The structure of the ontology is displayed in
Figure 7.

Figure 7. Ontology structure – examples taken from case study 1 (Section 4.1)

3.3 The Intermediate Space

The Intermediate Space is used for analyses. The first implementations of Match-
balls [20, 18] conducted only basic analyses. Either a threshold of at least five
different players linking two concepts with the same association type (not present
in the ontology yet) to propose this association for inclusion into the ontology or
frequent contradictions to the modeled ontology by the players’ links were used to
detect possible misconceptions.

The current system employs an increasing set of heuristics to assess the relations
found in the Intermediate Space.
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3.4 Analysis Agents

All heuristics are encapsulated in agents independently working on the tuplespace.
Currently the agents are written in Java or (SWI) Prolog. Actually the Prolog-Agent
employs a meta-interpreter to evaluate rules specified by a Knowledge Inspector (see
Section 3.5) user. At the moment rules have to be specified as valid Prolog rules.
In the future these rules may also be specified by simple “if-then-else” rules to ease
the creation of these rules.

To restrict the amount of relations to be presented to the knowledge interface
user, only those relations are considered that have been expressed by minimum
number of different players. The specific amount can be set in the Configuration
Space, e.g. within the Knowledge Inspector.

The further inspection of the remaining data is conducted based on rules, which
evaluate first the significance of a relation and second determine the type of the
observed phenomenon. Currently, two types of phenomena are distinguished:

1. Ontology gaps, i.e., a particular relation is currently not part of the ontology
and should be added.

2. Misconceptions, i.e., a particular relation is either not part of the ontology and
must not be added. Variants of this type indicate that there is a relation between
those two concepts, but the selected name is wrong or just the direction of the
relation is wrong.

Five different heuristics (each implemented as an autonomous agent) are con-
sidered if a relation is created. Depending on the respective heuristic a relation may
be classified as a gap, a misconception or both.

1. Only relations that have been played by at least a minimum number of different
players are considered at all (threshold condition). The relation must not already
be part of the ontology. This ensures that a new relation has a minimum support.
Therefore it should be normalized with respect to the overall number of players.

2. If the relation has met condition 1, it is checked if the given relation with reversed
direction exists between the given concepts from the played relation. If this is
the case, the relation is shown to the knowledge interface user as a possible
misconception or error in the ontology:

(a) if the reversed relation has already be confirmed (as indicated by a special
tuple) the relation is only classified as a misconception.

(b) if the played relation has already been classified as wrong, the played relation
is only classified as a misconception.

(c) if the reversed tuple has not been classified yet, the Knowledge Inspector
user is asked to either confirm the new relation and add it to the ontology,
to replace the existing reversed relation by the new relation (classifying the
old one as “wrong”) or just to classify the new relation as wrong and therefore
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classify the new relation as a misconception. Until the user decides the new
relation is classified as both “gap” and “misconception”.

3. If the relation has met condition 1, it is checked if the given two concepts have
a directed link with each other with the same direction at all. If there is another
relation, the new relation is analogously classified to 2a–2c.

4. An ontology may define transitive relations. If a played relation meets condi-
tion-1, but there is a path along the same transitive relation between those two
concepts, the relation is considered correct and missing from the ontology. Thus,
it is added to the ontology without further notice of the knowledge interface
user. Thus, the correctness does not have to be validated again in subsequent
analysis runs and the transitive hull does not have to be calculated and inserted
in advance. Symmetric relations are handled analogously.

5. An ontology often defines a relation at the highest possible position, e.g. if there
is a kind of generalizing relation between concepts A and B (A⇐ B) as well as
between C and D (C ⇐ D) and another relation between A and C (A ← C),
the following relations should also be valid, although they are not explicitly part
of the ontology’s set of relations: A ← D, B ← D. So the relation ⇐ allows
“replacing” one concept for another. Not only formal “generalizing” relations
like “is-a” or “subclass-of” may be marked as “replacing”, but also other rela-
tions like e.g. “similar-to”. The last example indicates that relations that are
most likely correct, may also be wrong, so these new relations are presented as
possible additions to the knowledge interface user, but not automatically added
to the ontology. It is also noted that this type of replacement is not embedded
in the regular reasoners (like the transitive hull).

Depending on the use case of the game, relations that have already been marked
“wrong” may be filtered to avoid showing these relations to a knowledge engineer
who is solely interested in ontology improvement, more than once. For a teacher
the misconception is still relevant, because in this case the students are the target
for improvement.

3.5 Knowledge Inspector

The Knowledge Inspector (see Figure 8) provides a web based user interface for
knowledge engineers and teachers to Matchballs game settings and the analysis
results of the agents.

It is completely written in HTML5 and Javascript using a web socket connection
to access the SQLSpaces. User actions in the Knowledge Inspector result in specific
command messages in the tuplespace that are processed by agents (like an OWL-
Importer) listening for this kind of tuples.

As shown in Figure 8 the Knowledge Inspector can be used to set the threshold
for considering a relation (see condition 3.4 (1)) as well as basic ontology editing
by creating new concepts and relations. Additionally existing relations may be
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Figure 8. Knowledge Inspector – overview and selection of game relations

edited and specific relations may be defined as “replaceable” in the sense of condi-
tion 3.4 (5).

Although it is advisable to use a sophisticated ontology editor like Protégé, the
functionality to make a small change without exporting and importing the whole
ontology has been proven worthwhile.

The game ontology can be imported and exported to SKOS’s OWL/RDF-
representation using a Java agent based on JENA libraries. Additionally a basic
ontology can be imported based on a textfile where each line defines a relation
between two concepts. This representation allows teachers, who usually have no de-
tailed knowledge about ontology engineering and formalisms, to build a meaningful
ontology for their students.

The initial reason to build the Knowledge Inspector is accessible by clicking on
“analysis results”. The results are prepared in three categories:

• Possible new relations

• Possible misconceptions

• Results ordered by analysis method

The first two filtered views are intended for all users of the Knowledge Inspector.
The second one is especially useful for teachers who want to know about the errors
made by their students. Selecting either one of these views leads to an interface
where every addition/misconception is listed and the expert may choose between
confirming or rejecting it (see Figure 9). Since heuristic 3.4 (1) is included in heuris-
tics 3.4 (2a) and (3) the results of (1) are only shown, if (2) and (3) do not classify
the relation.
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A confirmation of an “new relation” proposal leads to the integration of the
respective relation to the ontology. A reject marks this relation as “wrong” for
further processing with (other) heuristics. Rejecting a “misconception” means that
the relation is in fact a missing relation in the ontology. Thus, the user is asked if it
should be added. A confirmation just acknowledges it for training purposes of the
heuristics.

Complementing the other view the third view addresses developers of heuristics.
It relates the results of the respective heuristic with the decision made by the experts
in the other two views. Thus, the heuristics can be evaluated with respect to their
predictive capability.

Figure 9. Knowledge Inspector – evaluating analysis results

4 CASE STUDIES

To evaluate the soundness and usefulness of our approach we conducted three case
studies. The first study focused on the soundness and usefulness of the game Match-
balls as a means to improve a given ontology by learners in the domain of the on-
tology model. Thus, the heuristics were broadly replaced by human expertise and
manual categorization. The second case looks into the usefulness and appropriate-
ness of the Knowledge Inspector. While the first two case studies where applied to
(more or less) controlled environments, in the third scenario the game was freely
played in the context of an exam preparation.

The first two case studies were conducted with members of the German food
industry embedded in a nationally funded project. The project Foodweb2.0 (funded
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by the German Ministry of Research and Education) aims at training the employ-
ees of the German food industry using two basic strategies: motivating employees
for vocational training and performing education in collaborative, blended learning
using Web2.0 technologies.

The German food industry is characterized by a high amount of workers without
or with only a low level of formal qualification. While these workers are easily found
and taught to perform the simple and often physically exhaustive tasks, there is
a lack of employees with a higher qualification (e.g. skilled workers), who are able to
use and control the complex machines and processes of the food production industry.
Thus, the human resource managers try to train some of the low qualified to a higher
qualification level to close the gap. This is not an easy task since these people often
have a migratory background and therefore language problems and/or they are not
very motivated to learn because of various reasons, e.g. education is not an asset to
them or their work is so exhausting that they are not ready to learn.

Our framework is well suited to support this scenario as it combines both strate-
gies. While playing the game the players have to remember facts and rules in the
context of the respective domain modeled with the ontology. Since it is an online
game it can be used for training and recapitulation, not only in a course, but also
at home. The motivational properties of a casual game should help to tunnel the
barriers between learning and exhaustive daily routines.

4.1 Case 1 – Evaluating the Game

For this case study we created an ontology on the domain of food safety and haz-
ardous material regulations. The structure of this ontology is shown in Figure 7.
The Matchballs game has been evaluated with a class of 18 students at the Academy
of Sweets in Solingen, Germany. Since there were only six laptops available for con-
ducting the experiment, after a short plenary introduction of the game, the class was
divided into three groups of six students. The students of each group had a time-
slot of five minutes for playing as many games as possible and were encouraged to
start with a single player game for learning the controls and then perform at least
one game with a human partner. After playing the game they had to complete
a questionnaire and at the end there was a short plenary discussion.

The subjects consisted of five females and thirteen males, sixteen were German
native speakers. They rated themselves to have high knowledge in the fields of safety
at work and danger symbols (median of five on a scale from one to six) and also
some knowledge of hazardous materials (median of four on a scale from one to six).
66.67 % declared to have participated in a course on safety at work and 55.56 %
on a course on hazardous materials. Thus, the participants are considered to have
at least basic knowledge of food safety and hazardous materials and to represent
a group recapitulating their knowledge on these topics.

Together the subjects created 155 different relations, most were only created by
one user, but there were also relations created by up to seven different participants
(see Figure 10). The most often created relations are displayed in Table 1.
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Figure 10. Histogram of relations

The higher the amount of users supporting a relation, the higher is the prob-
ability that the relation is correct (precision) (see Table 2). A frequent error lies
in choosing the wrong direction of the relation, around 26 % of the overall relations
are correct except for the direction; if not all relations but the ones with a minimal
support higher than one are considered, the percentage is even higher (see Table 2).
These errors can be considered as careless mistakes instead of real misconceptions.
Because of these mistakes, it is not amazing that the undirected relation “is simi-
lar to” has a better overall precision (0.53) than the other directed relation types.
The relation “is more general than” is chosen most seldom (12.9 %) and has the
worst overall precision (0.3). In the questionnaire 83.3 % of the subjects stated that
they did not understand the meaning of this relation. The discussion in the plenum
showed that flipping the relation and labeling it “is more specific than” would lead
to a much better understanding, thus the relation was exchanged in the current
version of the game. With respect to the other relation types the subjects stated
that they could comprehend them (94.4 % the relations “is similar to” and “then
you should not” and 88.9 % “results in”).

The frequent correct relations having a support of at least three (see Table 1)
already are in the ontology. This is due to the initial composition of the playing field
containing two thirds of concepts being linked in the ontology and only one-third of
concepts being not linked with the other selected concepts (see Section “Architec-
ture”). But these relations only cover 17.7 % of the correct relations created by the
users. Thus, the relations with high support have a high precision, but a low recall.
75.8 % of the correct relations already are in the ontology, 4.8 % of the correct new
ones are supported by two and 19.4 % by only one user. The low support of the cor-
rect new concepts on the one hand can also be explained by the initial composition
of the playing field and on the other hand by the limited number of games played
in the experiment.

The users show different profiles of creating relations considering the number of
different relations created, their precision, the number of correct relations missing
in the ontology and the number of errors based on direction issues (see Table 3).
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concept Relation
Type

Concept Support Assessment

pork is similar to beef 7 correct

pear is similar to apple 6 correct

switch
on machine

is similar to switch
on computer

4 correct

barley is similar to rye 4 correct

machine uses
laser beams

results in danger by optical
radiation

4 correct

machine shows
functional
disorder

results in switch off machine 4 correct

radioactive
material escapes

results in radioactivity 4 correct

close the window results in draft at place
of work

3 incorrect

danger
of explosion

results in explosive materials
are processed

3 incorrect

spelt is similar to barley 3 correct

chicken is similar to turkey hen 3 correct

machine is
on high-voltage

then you
may not

splash with water 3 correct

machine
overheats

results in fire danger 3 correct

Table 1. Relations support by the biggest amount of different users (translated to English)

Minimal Support Precision Errors Based on Wrong Direction

4 1.00 none

3 0.85 100.00 %

2 0.68 58.33 %

1 0.40 25.80 %

Table 2. Comparison of minimal support for considered relations, precision of the relations
and percentage of errors based on wrong direction of the relation

Each user on average created twelve relations, of which six (0.51 %) were correct,
one (8.3 %) was new and correct and ca. two (15 %) were wrong because of direction
problems. There is no correlation between these variables. Partitioning the students
into two clusters using the well-known kMeans algorithm [21] (see Table 4), reveals
one small group of students (22.2 %), who create a number of distinct relations far
below average, are a bit more precise and make no direction mistakes and a larger
group, who create a bit more distinct relations than average, are a bit less precise
than the other group and making much more direction errors.
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User Distinct Precision New Correct Direction
Relations (Quality) Relation Mistakes
(Activity) (Innovativeness) (Sloppiness)

A1 12 0.50 8 % 17 %

A2 4 0.25 0 % 25 %

A3 17 0.47 12 % 12 %

A4 23 0.43 4 % 22 %

A5 14 0.57 7 % 29 %

A6 8 1.00 13 % 0 %

B1 6 0.33 17 % 0 %

B2 7 0.29 0 % 0 %

B3 10 0.60 0 % 30 %

B4 12 0.50 0 % 17 %

B5 8 0.50 13 % 25 %

B6 11 0.55 0 % 18 %

C1 8 0.63 13 % 13 %

C2 16 0.56 13 % 31 %

C3 18 0.67 6 % 6 %

C4 0 – 0 % 0 %

C5 26 0.27 8 % 8 %

C6 18 0.61 22 % 6 %

Table 3. User profiles

Cluster 1 (14 students) Cluster 2 (4 students

Distinct Relations 14.07 5.25

Precision 0.49 0.51

Innovativeness 0.07 0.07

Sloppiness 0.14 0.00

Table 4. Cluster centers

In general the students had fun playing the game and experienced it as motivat-
ing (each variable had a median of four on a scale from one to six). 77.8 % stated
they would like to play the game again and on average they would play it once to
several times a month. The complexity is perceived as medium (median of 3.5 on
a scale from one to six), which is an indicator that the game is neither overstraining
nor boring and hence appropriate.

4.2 Case 2 – Knowledge Inspector

The ontology of the second case study models knowledge from the domain of food
engineering knowledge that is relevant for the final exam of food engineers.

Eleven subjects (23–34 years old) that had no experience within the food en-
gineering field played the game to generate game data. The educational level of
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the subjects was heterogeneous; from no educational attainment to academic de-
gree.

The ontology consists of 178 concepts with 128 relations linked by four relation
types: is-like,is-part-of, is-not, and represents (see also Figure 8).

The subjects were asked to play the game in phases. In the first five minutes the
subjects were allowed to have a look at an extensive list of possible relations within
the ontology. Afterwards the subjects played the game without any hints. The first
phase allowed the subjects to get a first impression of what might be a valid relation
in the domain of food engineering.

The subjects created 922 different relations by playing the game. The threshold
for considering a relation was set to 5. With this setting two of the heuristics
proposed 15 relations to be investigated: the “new relation” agent detected 3 hits
and the agent detecting swapped relations had 12 hits. To get results from additional
heuristics the threshold had to be lowered to 2 due to the low number of players,
which in turn leads to a higher false-positive rate for the other two agents (see
Table 5). Heuristics 4 and 5 did not produce any results, since the ontology does
not contain a transitive or symmetric relation and no “replaceable” relation was
marked by the experts.

Threshold Agent/Heuristic
1 2 3 4 5

1 10 4 43 0 0

2 5 2 22 0 0

3 5 0 20 0 0

4 3 0 13 0 0

5 3 0 12 0 0

Table 5. Analysis of agents’ results with different thresholds

The results of the agents were independently shown to two experienced teachers
who are educating students becoming food engineers. The Matchballs game and its
context was explained to the experts to clarify the source of the statements they
had to evaluate in the next steps. Afterwards the experts were asked to identify
misconceptions of “their” students based on the game data as well as finding and
correcting errors in the ontology using the Knowledge Inspector. Finally an expert
interview concerning the usability and the soundness of the heuristics was conducted.

Although the usability should be improved, because the experts were not com-
pletely satisfied with the navigation through the system, the tasks could be solved
with ease. Looking at the soundness of the heuristics the current results are am-
biguous. The two proposed additions to the ontology were accepted unanimous, but
the opinions about the misconceptions were mixed. One expert accepted six of the
twelve proposed misconceptions as ontology errors and wanted to correct these and
the second one accepted eight of the misconceptions and corrected four relations of
the initial ontology due to this interpretation.
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4.3 Case 3 – Informal Context

In the third scenario Matchballs game was applied to a master level university
course on modelling of interactive learning systems for exam preparation. The goal
was to give the students an opportunity to reflect on the relations between the
general concepts regarding the lecture topics. The game was integrated into the
LMS (Moodle), thus students could play it freely on their preferred devices. A short
questionnaire was linked to measure the perceived usefulness as well as the usability
of the game. The used ontology was created by two exercise instructors of the course
and contained 126 statements regarding the overall topics of the course.

The course consisted of around 40 students who took part in the lectures and
did their homework regularly. 19 of them played the game and 8 also completed the
questionaire. The amount of played games varies from 1 to 34, with an average of
around 8 games per user and a standard deviation of 7.85 (see also Figure 11).

Figure 11. Histogram of the number of played games per user

Most games were played singleplayer, but there were also two multiplayer games
involving three different players. Overall 454 distinct relations were played, 99 of
them already were in the ontology and 355 not. Most of the new relations were only
played one or two times (see Figure 12).

Regarding the analysis with the Knowledge Inspector we only considered re-
lations occurring at least four times resulting in seven new relations, which were
all true. Neglecting the threshold of four occurrences we could also identify eight
relations fulfilling the transitivity condition (c.f. Section 3.4) (one overlapping with
the threshold condition), which were all true. Thus, regarding the GWAP concept,
we could identify new knowledge for our system.

The question, if the students learned something, is not so easily answered. Since
only eight filled the questionnaire, the number of students assessments is very low
(see Table 6). 75 % of the answers indicate that Matchballs is appropriate for re-
capitulation of learning contents and 50 % of the students partially agree that they
learned new relationships regarding the learning content.
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Figure 12. Histogram of relations

Question Agree-
ment

Partial
Agree-
ment

Neutral Partial
Dis-
agree-
ment

Dis-
agree-
ment

By playing Matchballs
I could recapitulate
contents of the lecture.

2 4 0 1 1

By playing Matchballs
I learned new relations
regarding contents
of the lecture.

0 4 1 1 2

Table 6. Perceived usefulness

The exam results show that the students using the game were slightly better
(average grade of 1.2) than the ones not using the game (average grade of 1.5).
Within the group of students who played the game the ones who played it more
often also tend to have better grades than the ones who only played it only one to
three times. Of course, more motivated/hard-working students often tend to use
additional opportunities for learning more, tend to get better grades, which might
explain the above average grade results.

5 DISCUSSION

The evaluation results of the case study 1 show that the Matchballs game was
perceived as a casual game that is “addictive” enough to encourage the learners
to try another game to improve their score. Based on the data generated during
the game sessions we were able to identify 17 relevant associations that were not
represented in the initial ontology in the case study 1. These associations were
integrated into the ontology by our knowledge engineers. Consequently, we could
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indicate that our approach of using a learning game also as “game with a purpose” is
feasible. In this way the game may be seen as self-extending with respect to closing
gaps in the ontology. This result is also confirmed by case the studies 2 and 3. The
applied heuristics for detecting new relation and misconception candidates seems
feasible.

The “wisdom of the crowds” approach is often criticized arguing that expert con-
tributions would be enough. In the case study 1, the four “best” students (22.2 %)
who created the biggest amount of correct new relations could only provide 46.67 %
of the overall number of correct relations. This indicates that it is not only possible to
retrieve valuable knowledge from less knowledgeable students, but also that includ-
ing non-experts provides more additional knowledge than restricting the knowledge
retrieval to experts.

At the moment the game can only be used for adding new associations in the
ontology. In the future we plan to use the game to acquire new knowledge fields in
a class session. The teacher may introduce a set of new concepts into an ontology
which are not connected at all. Students are asked to play the game so that they
will connect the new concepts with each other as well as with the old ones, therefore
integrating them into the existing ontology. In a way the game may be viewed as
a concept map creation game when used as a multiplayer game, where the players
create a shared concept map. Concept maps are successfully used as a learning tool
for linking the existing and new knowledge as well as for evaluation and identifying
valid and invalid ideas of students [22].

Although, the effect of collaborative relation creation for learning is ambigu-
ous [23, 24, 25, 26] and seems to depend on additional factors, the collaboration
clearly does not impair the learning effect. Thus, a positive effect for the individual
learner can be expected and the collaborative mode additionally may cause better
performance and an enrichment of the underlying ontology.

If the game is played in a single player mode, the game may still be used as
an advanced vocabulary trainer. In spite of playing the game individually the stu-
dents still collaborate indirectly. Accordingly, teachers can apply the game to get
an overview of typical misconceptions of the group but also of single students.

The introduction of a high score table may raise the question if it causes any
friction among work or learning mates. As already mentioned above high score
tables target people who are motivated by competition and may lead to unintended
results (see [14]), nonetheless using well designed awards, like it is possible with
Matchballs, can be used to keep competition on a reasonable level.

6 SUMMARY AND OUTLOOK

This article presents the Matchballs–System. It combines elements from casual
games, serious games and games with a purpose. The presented approach has the
potential to support learners and ontology engineers at the same time in various
domains. The learning context provides a purpose that is beneficial for the learners
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and the results of the game play can be used to close gaps in pre-defined ontology
as can be seen in the case studies 1 and 2. The students in the case studies 1
and 3 said that they would like to play the game again because it was perceived as
entertaining and instructive at the same time. Additionally, we could show (cf. case
study 2) that the use of the knowledge inspector is considered to be a helpful tool
for teachers reviewing the learning progress of a class and for knowledge engineers
revising an ontology.

The third case study shows that it is easy to exchange the learning domains (from
“hazardous material” to “design criteria of computer supported learning systems”)
and the feasibility of the casual gaming approach for learning since the subjects
liked playing the game.

In the context of the Foodweb2.0 project there have already been several requests
by teachers and students for transferring the game to further knowledge domains.
We will try to incorporate these domains and enhance these ontologies with specific
feedback on the relations made by students. The feedback will be given at the end of
the game. For the multiplayer scenario there will be a feedback about the existence
of their relation in the ontology. In the single player scenarios the feedback hints
at possible misconceptions automatically, based on information directly represented
in the ontology for the particular error types and exploiting the semantic ontology
structure for the generation of generic feedbacks like it is done in intelligent tutoring
systems. A first step to domain independent tutoring can be the identification of
players that contradict themselves by playing e.g. non-symmetric reversed relations.
This behavior indicates uncertainty with respect to the correct semantics of either
the particular relation or the involved concepts.

The second exploratory study showed that the Knowledge Inspector might be
a useful tool for teachers and knowledge engineers to evaluate the results of a Match-
balls game and to improve or adapt the existing ontology.

In summary, the presented framework can be used for both the ontology learning
and the subject learning; and even for both tasks at the same time. That provides
an added value for both the provider of a game (an ontology) and the students
playing it.
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