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as an individual. Consensus on the first level 
of Proton buys them additional 10 points; 
on the second level, 20 points; on the third, 
30; and so on. The more Wikipedia articles 
the team classifies consensually within two 
minutes, the more points they earn. A cho-
sen class might have subclasses that are un-
suitable for the Wikipedia article. For such 
cases, we give players the option of choosing 
“None of these—last choice was best.” The 
points from all game rounds accumulate for 
each player, so players must continually re-
turn and continue to play to keep their rank-
ing among the top players.

Intellectual challenge. The game’s main 
challenges are abstracting from a con-

crete thing to a generalization and judging 
whether a page stands for multiple (tan-
gible or intangible) objects or for a single 
object. Positive side effects are that players 
learn about different topics when looking at 
Wikipedia articles and that they become fa-
miliar with the Proton ontology.

Through a nightly batch run that imple-
ments filtering and postprocessing, we de-
rive a large OWL DL ontology from the 
consensual choices. This ontology is avail-
able at www.ontogame.org/ontologies.

SpotTheLink: 	  
Mapping eCl@ss and the Unspsc

eCl@ss and Unspsc are the two most im-
portant product and service categorization 

standards, and establishing mappings be-
tween them for achieving data interopera-
bility is one of semantic technology’s oldest 
candidate applications.8

Game scenario. In this game (see figure 3), 
the players are presented a randomly chosen 
class from Unspsc, a set of possible relations, 
and the eCl@ss tree. The challenge is to 
reach consensus on a class from eCl@ss and 
the most specific kind of relation between 
the Unspsc and the eCl@ss classes. As we 
mentioned earlier, we derived the relations 
from traditional mapping relations10 and the 
SKOS vocabulary: sameAs, narrowerThan, 
and partlyOverlappingWith. Before choos-
ing an eCl@ss branch, players can view the 
branch’s subclasses to better understand that 
branch. Players can choose multiple classes. 
SpotTheLink is currently in an early proto-
type stage only.

Intellectual challenge. The game’s chal-
lenge is to navigate to the suitable branch 
in eCl@ss and choose the relation between 
two classes in accordance with your part-
ner. We’ll export the resulting alignments 
between eClassOWL and unspscOWL to 
the general public, using a threshold mecha-
nism for filtering those alignments that are 
meaningful and most likely correct.

OntoTube: Annotating YouTube
According to the Wall Street Journal, You-
Tube hosted more than 6 million videos in 

Figure 2. Phases in the OntoPronto game. (a) In phase 1, players must agree whether the most useful ontological role of a 
Wikipedia article is to serve as class or as individual. (b) In phase 2, they must consensually choose the most specific Proton 
branch related to that article.

Figure 3. SpotTheLink: 
Mapping the UN 
Standard Products and 
Services Code (Unspsc) 
and eCl@ss. Players 
must select a related 
class in eCl@ss and the 
most suitable type of 
relation.
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2006, and the total time people spent watch-
ing YouTube videos in its first year is equal 
to 9,305 years.11 Obviously, YouTube has a 
lot of content, but the amount of available 
metadata is limited. A rich semantic anno-
tation of YouTube content would therefore 
be useful. For example, we could establish 
links between people, topics, or locations re-
lated to a YouTube video and the respective 
Wikipedia or DBPedia entry. This would 
let a user find all videos showing New York 
or featuring John Lennon, thus combining 
Wikipedia and YouTube content.

Game scenario. In OntoTube, the players 
view a randomly chosen YouTube video, 
which starts playing immediately but can be 
stopped or fast-forwarded at any moment. 
For each video, the players must agree 
on answers for a set of questions derived 
from the video content ontology (see table 
1). The more questions the players answer 
consensually, the more points they earn. 
The number of points depends on the ques-
tion’s difficulty—that is, players earn more 
points for achieving consensus on a video’s 
general topic than on whether the video is 
black-and-white or color. Figure 4 shows 
two screenshots of this prototype.

For this scenario, we developed a sim-
ple domain ontology (available at www. 
ontogame.org/evaluation) that describes 
video content, derived from MPEG-7 (www.
chiariglione.org/MPEG/standards/mpeg-7/

mpeg-7.htm) and the Internet Movie Data-
base (www.imdb.com). IMDB has a huge 
user base, and we’re interested in what us-
ers are searching for when they search for 
videos. However, IMDB focuses on movies 
that were usually published by big produc-
tion companies, whereas YouTube largely 
contains user-generated contributions, 
which is a new type of video content. There-
fore, we’re cooperating with media scien-
tists working on a classification of user- 

generated content to improve the underlying 
ontology of the OntoTube game.

Intellectual challenge. Players must quickly 
grasp the video’s content. Because the games 
last only two minutes, players must extract 
the respective facts without wasting too much 
time. In addition, each player has individual 
controls (play and fast-forward). Some ques-
tions are relatively easy, guaranteeing that 
users experience success. Other questions 

Figure 4. OntoTube: (a) Players must choose whether a video is fiction or nonfiction, a task that is usually trivial for a human 
user; and (b) players must agree on the topic of the YouTube video.

Table 1. Questions regarding videos in OntoTube.

Question Points

Is the video fiction or nonfiction? 10

Is the video black-and-white or color? (The system can of course determine 
this automatically by looking at the movie’s color data; however, we can use 
the answers later to identify wrong or fraudulent user input.)

10

The video’s genre can be best described as _____. (Players choose answers 
from a list of 27 genres, as used by the Internet Movie Database.) 30

Was the video produced by a private person or by a company? (The players 
can also answer that this question doesn’t apply.) 10

The language of the video is _____. (Players choose from a list of languages 
including “no language.”) 20

Generally, the video is about _____. (Players can select a Wikipedia article 
that represents what the video is about.) 40

The location of the video is _____. (Players select a Wikipedia article repre-
senting the location of the video.) 40

The time period the video plays in is _____. (Players choose from a list of 
time periods.) 40
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are more difficult because of a wide range 
of possible choices. For describing a video’s 
topic and location, the game lets users se-
lect appropriate Wikipedia URIs, linking the 
game more closely with OntoPronto.

You can play the game at www.ontogame. 
org/ontotube. We’ll make the annotations 
available for access via HTTP shortly.

OntoBay: 	  
Annotating eBay offerings
Another game scenario that’s currently un-

der development is OntoBay (see Figure 1), 
which aims at annotating eBay offerings 
with the eCl@ss standard to allow more so-
phisticated search by categories or features.

Evaluation
We performed a preliminary analysis to 
evaluate

whether the prototype creates a positive 
gaming experience and can motivate us-
ers to spend time playing, and

•

whether players’ consensual conceptual 
choices are of sufficient quality for the 
Semantic Web at large.

Overview and user data
We released OntoPronto to the general pub-
lic on 16 December 2007. On 31 December 
2007, we saved a snapshot of the data col-
lected by the game (all raw data and ad-
ditional material are available at www. 
ontogame.org/evaluation). In total, 271 play-
ers registered; of these, 240 said they were 
male (89 percent) and 31 said they were fe-
male (11 percent).

An online survey among registered play-
ers complemented the analysis of the data 
collected during the games. The survey 
consisted of seven questions for assessing 
the fun factor, rule comprehensibility, in-
tellectual challenge, and other aspects (see 
the “Survey Questionnaire” sidebar for the 
original questions). The online survey was 
available for eight days, and 35 players com-
pleted it. Evidence suggests that the players 
in the sample aren’t representative of the 
population of all players, but the data can 
still serve as a preliminary indication.

Gaming fun and motivation
To get a tentative understanding of whether 
OntoPronto creates sufficient gaming fun, 
we analyzed how much time each user spent 
playing the games. Table 2 summarizes the 
number of rounds per player. More than 80 
percent (218) of those who registered tried 
the game at least once. Of these players, 
more than 50 percent (47 + 69 = 116) played 
at least twice, and 32 percent (69) of those 
who tried the game at least once played 
three or more rounds. Because this data is 
based on the full log data of all rounds, it 
suggests that even our early prototype can 
create a substantial amount of gaming fun.

A related question in the survey let us 
estimate the degree of bias among survey 
participants. According to their answers, 
56 percent of them played the games fewer 
than five times, 34 percent between five and 
20 times, and 9 percent more than 20 times. 
From the log files, we know that the popu-
lation contains more people who tried the 
game never or fewer than five times.

As you might expect, happy players are a 
bit overrepresented in the survey (see Table 
3), but the basic patterns seem similar.

Even with our small-scale example, we 
acquired more than 35 hours of human labor 
for conceptual-modeling tasks over a period 

•

In addition to analyzing the data collected through the games, we posted an 
online survey, which 35 players completed:

	1.	 Tell us about your background (several choices possible):
I have a background in the Semantic Web.
I have a background in computer science.
I do not have a technology-related background.
None of the above applies.

	2.	 How often have you already played OntoGame?
More than 20 times.
Between 5 and 20 times.
Less than 5 times.

	3.	 Assess the overall gaming fun of OntoGame:
Addictive
Cool
So-so
Boring

	4.	 Were the rules of the game hard to understand? (Yes/No)
	5.	 The intellectual challenge of the game is …

Too easy
Too hard
Demanding
Easy

	6.	 Would you play the game again? (Yes/No/Maybe)
	7.	 What do you like/dislike about OntoGame? (free text)

•
•
•
•

•
•
•

•
•
•
•

•
•
•
•

Survey Questionnaire

Table 2. Number of games per player (n = 271).

Number of rounds played Number of players Percentage

0 53 19.6

1 102 37.6

2 47 17.3

3 69 25.5

Table 3. Number of game rounds played—comparing log data and survey results.

Number of game 
rounds played

Log data Survey

Population Percentage Percentage

Between 0 and 4 231 85.2 56

Between 5 and 20 36 13.3 34

More than 21 4 1.5 9
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of two weeks and derived an extension to 
Proton with more than 300 new elements.

As for the remaining survey questions, al-
most all the survey participants (81 percent) 
found the game’s rules easy to understand. 
Forty-one percent found the game’s funda-
mental intellectual challenge demanding, 44 
percent found it easy, 9 percent found it too 
easy, and 6 percent found it too hard. Nine 
percent said that the overall gaming fun 
was “addictive,” 41 percent rated the game 
“cool,” 44 percent found it to be “so-so,” 
and only 6 percent found it “boring.” Forty-
seven percent indicated that they would play 
the game again, 47 percent said that they 
might play again, and only 6 percent indi-
cated that they wouldn’t play again.

The last question gave users a chance 
to comment. Generally, the feedback was 
positive. One participant said he loved the 
game, many emphasized that they liked 
the idea very much, and some described 
the game as a lot of fun. Two participants 
especially liked reading the Wikipedia ar-
ticles and learning about a wide range of 
topics. One participant described “learning 
Proton” as a nice side effect. Several com-
mented that a Proton tutorial would help 
them get to know the hierarchy better, espe-
cially for articles that are more difficult to 
classify (for example, abstract things).

Some players mentioned that they enjoyed 
playing with a human partner but that sin-
gle-player mode wasn’t interesting and was 
easy to recognize. Some survey respon-
dents indicated that they would like to know 
more about their partners. We’ve already ad-
dressed this request: from now on, the game 
will display partners’ nationalities and age 
(if specified during registration). We’re also 
working on a functionality that lets players 
communicate with each other after the game 
and reveal contact information if desired. 
This correlates to von Ahn’s experience with 
the ESP game. It’s also in line with a com-
ment by one participant, who felt that in-
creasing the social aspect of the game—that 
is, allowing for more human-to-human com-
munication—would increase the game fun. 

One participant described OntoGame as 
“constructive entertainment,” another as 
“simple and straightforward.” Some partici-
pants complained that some pages were re-
peated (especially in single-player mode), 
which was a flaw in the early version. Some 
also said that similar classifications (such as 
persons, football teams, and cities) become 
dull when repeated. This is partly because 23 

percent of all Wikipedia entries relate to per-
sons.1 As a first solution, we introduced short-
cuts to frequently needed Proton concepts.

Consensus
Given the subject’s complexity, we evaluated 
how easily users reached consensus (see table 
4). In 13 percent of the cases, players either 
skipped the first task (class versus instance) 
or didn’t agree. Of approximately 10 per-
cent of all challenges played, players finished 
only the first task consensually. In almost 77 
percent of the challenges, the teams com-
pleted both tasks consensually. Even though 
not all teams achieved leaf-level consensus, 
the consensual solutions produced by multi-
ple teams were always in the same branch—
varying only by depth in the hierarchy.

Conceptual quality 	  
of user choices
Finally, we wanted to know the quality of 
the conceptual choices made in those chal-
lenges in which players completed both 
tasks consensually (that is, of the 2,234 
challenges for which the players agreed 
both on class versus instance and on a Pro-
ton class). For each of the 365 Wikipedia 
entries played at least once, we determined 
the set of all chosen Proton classes and then 
judged manually whether those choices were 
feasible. Some choices allowed room for ar-
gument; if even an expert was in doubt, we 
assumed the decision was correct. Also, for 

us, a Proton class that’s correct but not the 
most specific counts as a correct choice (for 
example, some players classified John Len-
non as a person instead of a male person). 
We also judged whether the decision as to 
the entry’s most relevant role (class versus 
instance) was correct. Table 5 and figure 5 
summarize the results. As they show, the 
share of clearly wrong choices was only 2.8 
percent (62 challenges).

A significant share of wrong choices was 
due to the fact that the game originally didn’t 
let players keep the current Proton class if 
subclasses existed—they could only skip or 
select a subclass in case further specializa-
tions of the superclass were available. Be-
fore we introduced the “last was best” op-
tion, many players always played to the last 
level. Consequently, players classified cities 
as a capital or local capital in 35 challenges 
even though those cities weren’t a capital, 
just because they couldn’t select the more 
general choice “city” except by the unintui-
tive use of the skip button. Another popular 
mistake (made six times) was classifying a 
class of plants or animals as an instance. For 
example, some players classified the fish spe-
cies Indian whiting as individual. To prevent 
this kind of mistake, we’ve improved the 
task description. Finally, we also counted 
as incorrect when players didn’t really 
understand the meaning of an article or Pro-
ton concept. For instance, some partici-
pants classified a bank or a radio station as  

Table 4. Degree of consensus per challenge (n = 2,905).

Degree of consensus Number of challenges Percentage

Teams either skipped the first task or came 
to no consensus about it.

374 12.9

Teams completed only the first task con-
sensually.

297 10.2

Teams completed both tasks consensually. 2,234 76.9

Teams completed both tasks consensually, 
with consensus on the leaf level.

1,291 44.4

Table 5. Conceptual quality of consensual solutions (n = 2,234).

Quality of the solutions Number of challenges Percentage

Teams made the correct consensual choice for 
tasks 1 and 2. 2,172 97.2

Teams found the correct Proton concept but made 
an incorrect decision on class versus instance. 12 0.54

Teams made the correct decision on class versus 
instance but didn’t find a valid Proton concept. 50 2.24
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services, when actually they’re commercial 
institutions that provide services. Increas-
ing the game’s functionality should help 
players avoid these typical pitfalls.

To extend this evaluation, we’ll check how 
many of these pitfalls our ontology export al-
gorithm will filter out—that is, whether there 
are cases in which the most popular judg-
ments for the same entry were wrong. We’ll 
publish our full raw data on www.ontogame. 
org/ontologies in the near future.

The games we’ve presented are the 
first prototypes of the OntoGame 

series. We’re extending and improving the 
scenarios in several directions.

We intend to further motivate players by 
emphasizing the games’ social component. 
When players reach a certain number of 
points, for example, they can reveal infor-
mation about themselves to their partners 
(for example, their age and location). To in-
crease our pool of players, we’ll give users 
points for inviting others to play. An adap-
tive points system—that is, players earn 
more points for difficult tasks—could make 
especially difficult challenges more attrac-
tive. Another extension is a more meaning-
ful partner selection. Currently, the sys-

tem pairs partners randomly. However, the 
games could take user preferences (for ex-
ample, “I want to play only with players 
from Florida”) into account to create a more 
enjoyable gaming experience.

For most players, the games are far more 
entertaining when played with a real per-
son. To extend live mode and address the 
problem of always needing many players to 
be online, we’re working on an offline mode 
in which a user can play some rounds of the 
game and then have his or her partner (who 
is notified by email) complete those rounds 
later (as in remote chess). We’re also exper-
imenting with allowing more than two play-
ers on a team.

In addition, we’re working on autocom-
pletion and suggestion functions to avoid 
friction (and frustration) due to lack of con-
sensus between players because of lexical 
variants or spelling mistakes. We can even 
extend this to a combination of user input and 
machine learning, leading to a true combi-
nation of human and computer intelligence.  
In addition, especially for the OntoTube sce-
nario, we must deal with inappropriate con-
tent. YouTube already allows marking such 
content, but we plan to integrate functional-
ity for flagging it. Finally, scalability is im-
portant for increasing gaming fun.

You can always find our most recent work 
at www.ontogame.org.
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97.22%

0.54% 2.24%

Challenges in which the consensual 
choice for tasks 1 and 2 were correct
Correct PROTON concept found, but 
decision on class vs. instance incorrect
Decision on class vs. instance correct,
but wrong PROTON concept

Figure 5. Conceptual quality of complete 
consensual solutions (n = 2,234). Most 
games were completed with a correct 
consensual choice, both judging the 
ontological nature and selecting  
a Proton class.
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